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Abstract

Accurate size estimates of key populations (eg, sex workers, people who inject drugs, transgender people, and men who have sex
with men) can help to ensure adequate availability of servicesto prevent or treat HIV infection; inform HIV response planning,
target setting, and resource allocation; and provide data for monitoring and evaluating program outcomes and impact. A gold
standard method for population size estimation does not exist, but quality of estimates could be improved by using empirical
methods, multiple data sources, and sound statistical concepts. To highlight such methods, a special collection of papersin IMIR
Public Health and Surveillance has been released under the title “Key Population Size Estimations.” We provide a summary of

these papers to highlight advances in the use of empirical methods and call attention to persistent gaps in information.

(JMIR Public Health Surveill 2020;6(4):e25076) doi:10.2196/25076
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Globally, most new HIV infections in 2019 were estimated to
have occurred among key populations (KP), including sex
workers, people who inject drugs (PWID), transgender people,
and men who have sex with men (MSM), as well as their
partners [1]. Worldwide, 62% of new HIV infections among
adults were attributed to KP and their partners, ranging from
28% of new infections in eastern and southern Africa to 99%
in Eastern Europe and central Asia[1]. Inferences such asthese
require not only robust analysesfor the number of peopleliving
with HIV but also accurate size estimates for the various at-risk
populations. For decades, population size estimation (PSE) has
suffered from thelack of agold standard method, leading to the
use of numerous techniques and approaches with varying
robustness and implemented with erratic fidelity [2].
Underestimates are believed to be common, but because we do
not have actual population size counts, they are typicaly
accepted and used for the sake of political expediency.

Accurate estimates of KP size are essential for understanding
the scale of the response required to ensure adequate availability
of services needed to prevent or treat HIV infection; to inform
HIV response planning, target setting, and resource alocation;

http://publichealth.jmir.org/2020/4/e25076/

and to provide data for monitoring and evaluating program
outcomes and impact. For example, KP size estimates could
help measure progress toward the Joint United Nations
Programme on HIV/AIDS (UNAIDS) 95-95-95 goals (95% of
HIV-positive individuals know their status; of these, 95% are
receiving antiretroviral therapy; and of these, 95% are virally
suppressed) [3]. However, the availability and quality of KP
size estimates vary globally. Many countries have conducted
PSE exercises, but results often are buried in surveillance reports
(ie, these estimates may not be published injournals or presented
at conferences) [4]. UNAIDS and the Centers for Disease
Control and Prevention (CDC) have worked to compile data
from PSE conducted as standalone studies or as part of
biobehavioral surveys (BBS) [2,5,6]. Often, however, reported
PSE are based on methods that are neither empirical (based on
scientific, systematic observation or measurement) nor
standardized and are not well documented. Furthermore, KP
sizeisfreguently reported as apoint estimate without specifying
measurements of statistical variability, such as confidencelimits
or credible intervals. Although estimates derived from
nonempirical methods (ie, based on opinion or nonsystematic
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observation) such asthe Delphi method, wisdom of the crowds,
and hotspot mapping may be useful for programmatic planning,
more robust empirical PSE methods generally can be expected
tofacilitate better estimates of the number of KP membersliving
with HIV (KPLHIV), yielding more representative and higher
quality data[7,8] for usein measuring progress toward various
targets, including percent of KPLHIV aware of their HIV status,
percent of KPLHIV receiving antiretroviral treatment, and
percent of those virally suppressed. The general population is
relatively easy to enumerate using census methods, but
estimating the size of KP faces several challenges: lack of a
sampling frame, mobility or economic migration, and some KP
members may not want to be counted (ie, they may choose to
be less visible because of the stigma or criminalization of their
KP-defining behaviors) [9,10]. In the absence of agold-standard
PSE method, methods that use empirical data, multiple data
sources, and sound statistical concepts can be expected to
provide more valid estimates than nonempirical methods.

Focused on application of empirical methods, a specia
collection of papersin JMIR Public Health and Surveillance

Neal et a

has been released under the title “Key Population Size
Estimations” [11]. These 9 reports on empirically based PSE
include innovative approaches, such as use of social mediaapps
(Vietnam) [12], a reverse-tracking method (Namibia) [13],
multiple-source capture-recapture (CRC; Uganda) [14], and
successive sampling (SS)-PSE incorporating imputed visibility
[15]. We provide a summary of these papers to highlight
advancesin the application of empirical methods and persisting
gaps in information.

Almost all the papers (Table 1) presented estimates based on
some form of CRC methodology — conventional two-source
(29)-CRC; multiple-source CRC; or service, unique object,
unique event, or socia app multiplier methods— or used prior
estimates that may have been partially based on these methods
for analysis (SS-PSE). Of the 9 papers, 4 described PSE
embedded withinaBBS[13,16-18], 1 described using datasets
from previously conducted BBS [15], and 4 presented results
from standalone PSE exercises [12,14,19,20].

Table 1. Population size estimation methods, key populations, and geographic location covered by papersin the special-themed issue.

Methods Key population Location Citation
2S-CRC? FSW?, MSM® Uganda, 11 towns 19
2S-CRC FSW (venue-based) Vietnam, Ho Chi Minh City 20
Social app multiplier method MSM Vietnam, 12 provinces 12
3S-CRCY FSW, MSM, PWID® Uganda, Kampala 14
3S-CRC; multiplier method FSw South Sudan, 2 cities 16
Multiplier methods FSW South Africa, 3 cities 17
Multiplier methods, SS-PSE FSW, MSM/TGW?Y Papua New Guinea, 3 cities 18
SS-PSE FSW, MSM, PWID Armenia, 3 cities 15
RTMh, RadR! FSw Namibia, 2 cities 13

S CRC: 2-source capture-recapture.

BESW: female sex workers.

®MSM: men who have sex with men.

35 CRC: 3-source capture-recapture.

€PWID: people who inject drugs.

fSS-PSE: successive sampling population size estimation.
9TGW: transgender women.

PRTM: reverse tracking method.

IRadR: respondent-driven sampling—adjusted RTM.

Apodaca and colleagues [19] conducted a2S-CRC in 11 small
Ugandan towns with peers distributing unique objects to tag
female sex workers (FSW) and MSM in the first capture.
Distributers used a mobile global positioning system to record
locations of the distribution for quality control purposes. A
different group of peers (to minimize the risk of visiting the
same venues again) collected datafor the second capture, which
consisted of asking FSW and MSM if they had received the
unique object using 2 different recapture definitions:
presentation of the object or identification of the object from a
set of photos. The most credible results (compared with other
published estimates) were based on presentation of the object.

http://publichealth.jmir.org/2020/4/e25076/

Among the first empirically based PSE to be done in Uganda
to obtain FSW and MSM size estimates at the small-town level,
this exercise demonstrated the difference in results based on
recapture definitions and the feasibility of using peersfor data
collection when provided proper training and standardized data
collection tools.

To estimate the size of venue-based FSW in Ho Chi Minh City,
Vietnam, Le et a [20] conducted multistage 25-CRC. They
used stratified probability proportionate to size to select districts,
mapped venues, and distributed unique objects to all FSW in
those venues. The recapture consisted of an equal probability
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random selection of venuesfrom theinitial mapping and asking
FSW in those venues if they had received the object. The PSE
of venue-based FSW in these districts was multiplied by the
inverse of the proportion of districts selected to calculate the
number of venue-based FSW in Ho Chi Minh City. Although
this PSE method is useful for venue-based KP, the authors note
that estimates are needed for other FSW, including those who
may seek clients using social media platforms.

Son et a [12] used a social media app multiplier method for
PSE of MSM in 12 provincesin Vietnam. Thefirst data source
was the count of social app users, and the second source was
data collected from MSM recruited via respondent-driven
sampling (RDS) and who responded to an online questionnaire
(telephone survey for MSM who did not have internet access).
The PSE was derived by dividing the number of app usersin a
1-month period by the proportion interviewed who reported
using the app during the same period. Investigators estimated
the size of the MSM population in 12 provinces, from which
they extrapolated to generate a national PSE among MSM aged
15-49 years. Thisfirst attempt to estimate the MSM population
in Vietnam empirically highlighted the feasibility of reaching
many M SM through asocial app and online. The percentage of
men estimated to be MSM nationally (0.68%, 95% ClI

0.46%-1.95%) is well below the published estimates for
Southeast Asia of 3%-6% of MSM in the past 12 months [21].
PSE may have been underestimated by selecting users of only
1 social app, being biased toward those with higher internet or
social app literacy, excluding MSM aged =50 years, and
assuming that users of the socia app during a 1-month period
represented all MSM. Reported PSE may represent aminimum
or a subgroup of MSM — some provinces had population
proportionsthat wereimprobably low (eg, 0.21%). Future efforts
should try to achieve better precision — wide confidence
intervals included crude estimates previously derived by
nonempirically based consensus methods. In one province, the
PSE confidence interval ranged from about 4200 to 68,000,
representing 0.6% to 9.6% of the male population aged 15-49
years. Adapting traditional empirical methods using social apps
and web-based interviews, this method is quick and relatively
inexpensive but needs improvement and additional validation.

In a study (published elsewhere) on the uptake of KP PSE in
guiding HIV responsesin Africa, Viswasam et al [4] described
limited uptake of PSE in US President’s Emergency Plan for
AIDS Relief (PEPFAR) Country Operational Plans, national
strategic health planning documents, and Global Fund Concept
Notes and recommended stakeholder engagement and
data-oriented capacity building. Two papers in this
special-themed issue described implementation of multiplier
methods in conjunction with BBS and the importance of
stakeholder engagement in 3 South African cities among FSW
[17] and in 3 Papua New Guinea cities among MSM,
transgender women (TGW), and FSW [18]. Investigators in
South Africa used unique object, unique event, and service
multiplier methods; wisdom of the crowd; and amodified Del phi
method to adopt consensus estimates[17]. Asserting that a PSE
has limited value unlessiit is adopted and used by government,
civil society, and globa health funding partners, Grasso et al
[17] found that stakeholder engagement and consensus were

http://publichealth.jmir.org/2020/4/e25076/
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critical to vetting and triangulating multiple empirically based
estimates to ensure adoption and use of the PSE at the national
and subnational levels. Because it is equally important not to
allow political expediency or agendas to adjust what otherwise
would bethe best available PSE, data-oriented capacity building
as promoted by Viswasam et a [4] may be essential to prevent
the adoption of inferior PSE.

The Papua New Guinea PSE exercise, part of aBBS conducted
among MSM and TGW (combined) and FSW, employed unique
object and service multiplier methods as well as SS-PSE [18].
As in South Africa, final estimates were chosen through
meetings among experts that were then presented to key
stakeholders for adoption of a single estimate in each city.
Authors highlighted the challenges in using these methods —
the wide variation in results and importance in understanding
the biases in data collection, including issues with the
availability and quality of HIV-service data.

Doshi et a [14] demonstrated the feasibility of using 3-source
(39)-CRC as a standalone (ie, not done in conjunction with a
survey) method for PSE in aresource-limited setting [14]. One
of the benefits of 3S-CRC is the ability to account partially for
sample dependencies (thereby relaxing the assumption of
independence required by 2S-CRC methods) by allowing
sources to be examined pairwise. In this first use of 3S-CRC
for FSW, MSM, and PWID in Kampala, Uganda, the project
team distributed 2 different unique objects in each of the first
2 captures, C1 and C2. KP members were asked in C2 and C3
whether they received the objectsdistributedin C1 and C2. The
number in C3 receiving one or both objects was determined.
Among PWID, recording errors prevented use of data collected
in C3; however, data from C1 and C2 could be analyzed as
conventional 2S-CRC. PSE were derived using the
Lincoln-Petersen method for 25-CRC (PWID) and a Bayesian
nonparametric latent-classmodel for 3S-CRC (MSM and FSW).
For the latter, statistical analyses were performed in R using
the Bayesian nonparametric latent-class capture-recapture
package (LCMCR). Use of LCMCR was innovative because
this approach was not originally developed for analyzing
epidemiologic data.

Okiria et a [16] aso described exercises undertaken in
conjunction with a BBS to estimate the number of FSW in the
South Sudan capital city, Juba, and Nimule, on the South
Sudan-Uganda border. They used unique object and service
multiplier methods as well as 3S-CRC. The attempt to conduct
3S-CRC in Juba was thwarted when the third capture, delayed
because of unigue object procurement issues, was conducted 6
months after the BBS data collection had concluded and did
not include questions needed to determine the number of
individualsin each capture separately. Therefore, analysis was
trested the same asfor aroutine unique object multiplier method.
In Nimule, they found divergent PSE across all methods and
postul ated violation of the closed popul ation assumption because
of displacement of FSW dueto conflict that delayed BBSlaunch
for 6 months. Furthermore, some results generated implausible
FSW population proportions (ie, as high as 193%), possibly
due to many FSW not actually residing in Nimule but across
the border in Uganda. Lessons learned included the need to
improve data quality during collection (eg, ensuring correct
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identification of residency and deduplication of service records)
and timing the first 2 captures before the BBS (if BBS is used
as a data source) to ensure individual-level data can be more
accurately collected by interviewers who receive intensive
training compared with volunteer object distributors. Despite
conflict and logistical and operational challenges, investigators
demonstrated the feasibility of conducting 3S-CRC and found
that use of multiple methods to estimate the number of people
not easily counted during mapping improved PSE compared
with previous results.

To advance the SS-PSE method [22], McLaughlin et a [15]
examined the performance of a modification that alows
visibility to be jointly modeled with population size. Imputed
visibility is a measure of how likely persons are to participate
in an RDS survey [23]. This measure may be used instead of
self-reported socia network size, which is usually considered
aproxy for inclusion probability. Using 15 datasets from RDS
surveys of FSW, MSM, and PWID from 3 citiesin Armenia,
they compared and eval uated the accuracy of imputed visibility
PSE against those found for the same populations based on
other methods. The imputed visibility adjustment worked well
with great (as defined by authors) fitswith prior estimation for
FSW and PWID, but MSM populations in all 3 cities had
inconsistencies with expert prior values that made a great fit
impossible. Authors cautioned that prior estimations from expert
opinions may not always be accurate and that SS-PSE be used
only after ensuring that RDS assumptions have been met,
convergence has been reached on primary endpoints, and the
sampled population network structure does not have
bottlenecks. Lastly, to ensure generation of the most accurate
estimates, they recommended that SS-PSE be used in
conjunction with other PSE commonly used in RDS surveys as
well as with other years of SS-PSE.

Wesson et a [13] described using an RDS adjustment
(respondent-driven  sampling—adjusted [RadR]) to the
less-commonly used reverse tracking method (RTM) [24] to
estimate the population size of FSW in Namibia[13]. The RadR
method allows for application in RDS surveys and improves
upon venue-based RTM because RaDR-based results account
for the proportion of KP that do not congregate at venues and
thus should provide more representative PSE. Additionally,
RadR can adjust for double-counting associated with traditional
venue-based RTM. The novel RadR method was successfully
integrated with RDS surveys among FSW in 2 sdites in
Windhoek, Namibia to provide plausible PSE estimates
compatible with the Namibia Ministry of Health and Social
Servicesofficial estimates based on triangulation of PSE derived
from multiple methods. This study demonstrated that, although
it still needs more field testing with other KP groups and in
other geographical settings, the RadR method is easy to integrate
into RDS surveys and might be a promising methodological
advance.

Of the 9 papers in this collection, 8 papers described PSE of
FSW, 2 reported on PWID, and 5 included MSM (of these, 1
combined TGW with MSM). TGW PSE are lacking globally
[2,4-6,8]. Viswasam et a [4] conducted areview of al PSE for
KP in 54 African countries from 2009 through 2017 and
identified 118 size estimates — 70 for FSW, 27 for MSM, 21
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for PWID, and none for transgender persons. PSE frequently
combines TGW with MSM; because the 2 populations have
distinct needs, generating separate estimates will be crucial for
advocating for both KPs and appropriately targeted programs
and services. Although only 2 papersin this collection reported
PWID size estimates[14,15], many countries have included or
are planning to include PSE in their BBS among PWID [25,26;
personal communication]. Estimating the size of the PWID
population may be less challenging in areas with substantial
drug-injecting activity, for example, along drug transportation
routes and border areas. A dearth of size estimatesfor thefemale
PWID population arguesfor enhancing effortsto recruit female
PWID for BBS and PSE. Challenges to estimating population
size of FSW include their mability, driven by economic needs
and opportunity, and the variety of settingsin which they work
or find clients, including the increasing use of internet sitesand
social media apps. Social media and dating apps are emerging
as a data source for PSE, especialy among MSM [12,27], but
should be used with caution. Limitations of social media and
dating apps for size estimation include potential overcounting
if many users are allies or onlookers and not members of the
KPand if identification and deduplication of userswith multiple
accounts are not possible; dependence on internet and smart
phone coverage; variability of app use by age and cultural
context; and unstable popularity of apps as new apps are
introduced and adopted. Furthermore, detailed information about
how social apps derive estimated number of users and classify
user characteristics may be unknown or undisclosed to protect
proprietary interests.

Publications of KP PSE report the estimated absolute number
of KP but frequently omit the KP population proportion. This
metric, however, provides a reality check to assess
underestimation or overestimation by comparison with other
published estimates [5,6,8,21,28]. For example, 1.5% may be
areasonable minimum threshold for an urban MSM population
proportion — figures less than 1.5% suggest underestimation.
The proportion of the population who are KP members will
vary by characteristics (eg, urbanicity, border, transportation
routes, drug trafficking routes, economic opportunity). The
proportion of the population that isMSM or TGW probably is
the most stable compared with that for PWID or FSW, which
ismorevariable and localized. The principa challenge, however,
is to account for MSM mobility (ie, migration from rural to
urban areas and to an unknown extent, small-to-larger town
migration). Hence, the proportion of MSM among urban men
can and should be expected to be higher as they absorb MSM
from rural and small-town settings.

Countries are encouraged to publish PSE reports in the
peer-reviewed literature, in addition to including estimates in
their surveillance reports or reporting estimates to UNAIDS
and other agencies upon request. Even when published, however,
Viswasam and colleagues [4] noted that there remains “limited
evidence of sustained uptake of these data to guide the HIV
responses.” In another review of the available and quality of
KP size estimates, Sabin et a [2] concluded that size estimates
are “increasingly available but quality varies widely” and that
“different approaches present challenges for data use” This
collection of papers provides examples of PSE reportsthat may
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serve asmodelsfor countriesto useto publish their own results.
We recommend that countries use multiple, robust empirical
methods; document the process; synthesize results; report point
estimates with confidence or credible intervas; include
population proportions (using appropriate sex-specific,
age-specific, and location-specific census data); and take steps
to ensure uptake and use of estimatesto guidethe HIV response
toward ending the HIV epidemic among KP.

Numerous challenges remain, including the aforementioned
need for distinct PSE for TGW and female PWID. If aBBSis

Neal et a

deemed impractical because of relatively small population sizes
or lack of resources, standalone PSE exercises as described in
4 of the papers [12,14,19,20] presented in this specia -themed
issue (described earlier) may be considered to fill these gaps.
We continue to seek new, innovative, or improved methods in
a search for the holy grail (ie, a gold standard for finding the
true population size). In addition to encouraging publication
and use of high-quality PSE, we underscore the need for aglobal
consensus on minimum-threshold PSE to prevent the use of
extreme underestimates and highlight the continued need for

operational research to advance empirically based PSE.
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Abstract

Background: 1n 2019, 62% of new HIV infections occurred among key populations (KPs) and their sexual partners. The World
Health Organization (WHO) recommends implementation of bio-behavioral surveys every 2-3 years to obtain HIV prevalence
datafor al KPs. However, the collection of these datais often less frequent and geographically limited.

Objective: This study intended to assess the availability and quality of HIV prevalence data among sex workers (SWs), men
who have sex with men (MSM), people who inject drugs, and transgender women (transwomen) in low- and middle-income
countries.

Methods: Data were obtained from survey reports, national reports, journa articles, and other grey literature available to the
Global Fund, Joint United Nations Programme on HIV/AIDS, and WHO or from other open sources. Elements reviewed included
names of subnational units, HIV prevalence, sampling method, and size. Based on geographical coverage, availability of trends
over time, and recency of estimates, data were categorized by country and grouped as follows: nationally adequate, locally
adequate but nationally inadequate, no recent data, no trends available, and no data.

Results:. Among the 123 countries assessed, 91.9% (113/123) presented at least 1 HIV prevalence data point for any KP; 78.0%
(96/123) presented data for at least 2 groups; and 51.2% (63/123), for at least 3 groups. Data on all 4 groups were available for
only 14.6% (18/123) of the countries. HIV prevalence data for SWs, MSM, people who inject drugs, and transwomen were
available in 86.2% (106/123), 80.5% (99/123), 45.5% (56/123), and 23.6% (29/123) of the countries, respectively. Only 10.6%
(13/123) of the countries presented nationally adequate data for any KP between 2001 and 2017; 6 for SWs; 2 for MSM; and 5
for people who inject drugs. Moreover, 26.8% (33/123) of the countries were categorized as locally adequate but nationally
inadequate, mostly for SWs and MSM. No trend data on SWsand MSM were available for 38.2% (47/123) and 43.9% (54/123)
of the countries, respectively, while no data on people who inject drugs and transwomen were available for 76.4% (94/123) and
54.5% (67/123) of the countries, respectively. An increase in the number of data points was observed for MSM and transwomen.
Overall increases were noted in the number and proportions of data points, especially for MSM, people who inject drugs, and
transwomen, with sample sizes exceeding 100.
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Conclusions:
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Despite general improvements in health data availability and quality, the availability of HIV prevalence data

among the most vulnerable populations in low- and middle-income countries remains insufficient. Data collection should be
expanded to include behavioral, clinical, and epidemiol ogic data through context-specific differentiated survey approaches while
emphasizing data use for program improvements. Ending the HIV epidemic by 2030 is possible only if the epidemicis controlled

among KPs.

(JMIR Public Health Surveill 2020;6(4):€21688) doi:10.2196/21688
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Introduction

The prevalence of infection and disease and their distribution
over time are the most fundamental elements of information
required to describe an epidemic and its response. The risk of
transmitting HIV varies acrossindividuals, subpopulations, and
communities. The overall risk is based on a combination of
prevalence levels, behaviors, and health services, and is
associated with differential transmission and acquisition risks
and interactions between different populations. Globally, in
2019, an estimated 62% of new HIV infections occurred among
stigmatized, epidemiologically key populations (KPs) and their
sexual partners[1]. KPsare defined groupswho, dueto specific
higher risk behaviors, are at increased risk of HIV irrespective
of the epidemic type or local context [2]. In addition, their
behaviors are often related to legal and social issues, such as
stigma. They aso experience reduced access to quality and
essential health services, such as pre-exposure prophylaxis and
antiretroviral treatment, further increasing their HIV acquisition
and transmission risk [3]. The relative risk of acquiring HIV
among gay men and other men who have sex with men (MSM)
is 26 times higher than that among heterosexual men. Thisrisk
is 29 and 30 times higher, respectively, for people who inject
drugs compared to those who do not inject drugs and sex
workers (SWs) aged 15-49 years than same-aged females who
do not sell sex. Transgender women (transwomen) are 13 times
more likely than adults aged 15-49 years to acquire HIV [1].
Globally, MSM, people who inject drugs, and SWs accounted
for 23%, 10%, and 8% of all new HIV infectionsin 2019 [1].

The geographic distribution of risks for acquiring and
transmitting HIV is heterogeneous. Injection drug use and sex
work occur more frequently in urban areas or areas with better
economic devel opment opportunities, though they are not absent
fromrura areas[4,5]. In many countries, MSM and transwomen
migrate to urban areas in an attempt to |eave behind repressive
socia stigmaand discrimination [6]. Thus, spatial distribution
of risks and HIV prevalence is complex across and within
countries, and geographic mobility poses aunique challengeto
health service continuities. It is impractica to implement
surveillance and survey activities that can be used to generate
prevalence estimates for all relevant subnational units (SNUSs)
within a country. However, for HIV prevention, care and
treatment programming must be implemented efficiently so as
to achieve apopulation-level impact, and agood understanding
of the distribution of HIV infections among and across
communities is required. The absence of HIV prevalence data

http://publichealth.jmir.org/2020/4/e21688/

among a specific KP is often the result of either the lack of
appreciation that apopulation is affected differently at thelocal
level due to its risk profile, or the refusal to recognize the
existence of a specific KP. The omission of a surveillance
approach that includes information on HIV prevalence among
KPs can be attributed to structural stigma and discrimination
toward these populations[7]. Latent or blatant structural stigma
and discrimination toward KPs obstruct progress in the HIV
response, including the 95-95-95 targets and impact goals. The
behavioral characteristics that define each KP may not have
been formally recognized at onetime or another in all countries

(8].

In many countries, HIV prevalence data have been collected
among KPssincethelate 1980s. Typically, HIV sentinel surveys
were established in cities. Sentinel survey activities have
continued in some countries and local es without pause over the
ensuing 30 years, while others have stopped for various reasons
[9]. Today, more than 120 countries report routine sentinel
surveillance or surveysamong 1 or more KPs. The number and
periodicity of surveys over time, preferably using consistent
methods and producing data amenable to analysis, can vary
widely. Trend analysis, in particular, must consider the
periodicity and recency of available data as well as the number
or proportion of SNUsfrom which the data have been generated.

Although the World Health Organization (WHO) guidelines
[10] recommend that bio-behaviora surveys (BBS) be
implemented every 2-3 years in all relevant KPs and in all
appropriate geographic areaswithin acountry, in practice, many
countries conduct BBS periodically, as resources alow.
Irrespective of whether the country conducts sentinel
surveillance surveys or more intensive BBS, even the most
complete models include at least 1 site in the capital of each
province. However, almost no data exist beyond the provincial
capitals. Furthermore, some countries rely on sporadically
collected data and, at times, from only 1 city. These data,
regardless of the often-limited number and distribution of SNUs
from which they have been generated, are frequently used as
the basis for national estimates and a planning resource for a
country’s national epidemic response. In each case, assumptions
must be made about the distribution of HIV infections, and
some form of extrapolation is necessary to estimate the burden
of HIV among KPs at the national level.

Another important consideration involves the quality of
individual survey results used for generating HIV estimates. A
good quality survey will provide valid estimates that are
statistically representative of the population being surveyed.
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Representativeness is a challenge for surveys among KPs due
to the absence of a sampling frame [10]. Sentinel surveillance
often involved convenience sampling in the 1990s and early
2000s. In such cases, the methodol ogical consistency and trend
analysis of HIV prevalence outweigh the representativeness.
More recent surveys applied approximate probability sampling,
such as respondent-driven sampling (RDS) and time-location
sampling (TLS) [11].

Some efforts have been made to assess HIV prevalence data
with similar parameters, such as KP groups, survey sites, HIV
prevalence, sample size, and sampling method, among KPs at
the regional level [12-18]. Most addressed a specific region or
group, or covered a shorter period. Additionally, systematic
assessment methods were not reported. The present analysis
provides acomplete and extensivereview of the HIV prevalence
studies/reports among KPsfrom 2001 to 2017. We describe the
availability and quality of HIV prevalence data among KPsin
123 low- and middle-income countries, which account for more
than 90% of the estimated global population living with HIV
in 2019[1]. Similar assessment methods for the availability and
quality of population size estimates were published in 2016
[19].

Methods

Data Sour ces and Elements

We examined avariety of health research sourcesfor published
and unpublished literature that included HIV prevalence data
for each of the 4 aforementioned KPs, hamely MSM, SWs,
people who inject drugs, and transwomen.

Thefollowing data sourceswere examined, irrespective of their
language: Country Progress Reports for the United Nations
General Assembly Special Session on AIDS; Global AIDS
Response Progress Reports or Global AIDS Monitoring reports
submitted to the Joint United Nations Programme on HIV/AIDS
(UNAIDS); AIDS Data Hub [20]; annexes to Globa Fund
concept notes, funding requests, and programmatic gap analysis
tables contained therein; and publicly available documents,
including integrated BBS or sentinel surveillancereports; journal
articles available on PubMed; grey literature available on
websites; and technical meeting abstracts, such as those at
International AIDS Conference sites. The terms used to search
the publicly available documents included “key populations,”
“most at-risk populations,” “risk groups,” “men who have sex
with men,” “gay,” “gay men,” “sex workers,” “femae sex

" ow " ow
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workers” “male sex workers,” “transgender sex workers,’
“transgender,” “transgender women,” “transwomen,” “injecting
drug users,” “injection drug users,” “drug users,” and “people
who inject drugs” Acronyms, including “MSM,” “FSW,’
“MSW,” “TG,” “PWID,” and “IDU,” and their variations in
different languages were al so utilized. The main languages used
in the search were English, Spanish, French, Portuguese,
Russian, and Chinese. In addition, we abstracted data from
reportsin Arabic, Nepali, and Farsi. The assessment was limited
to 123 countries that were eligible for funding from the Global
Fund after the introduction of its new funding model in 2014
[21].

The reports were obtained either directly from UNAIDS or the
Global Fund. The obtained reports and articleswere utilized in
thefollowing priority order: (1) Reports submitted to UNAIDS
or the Global Fund by funded countries, either in adraft or the
final format, (2) journal articles, and (3) other grey literature
available online. In case an article was based on a submitted
report, we obtained the information from the report.

UNAIDS, WHO, and the Global Fund utilize a common
systematic mapping approach based on abstraction of standard
metadata from each survey report from 2001 onwards. This
approach was used on all surveys conducted between 2001 and
2017 to conduct abasic quality assessment, and it included the
name of the site, HIV prevalence, sampling method, and sample
size. The survey or sentinel surveillance had to have been
conducted between 2001 and 2017 for the data to be included
in the assessment. The year in which the survey or sentinel
surveillance was completed was used. When the survey or
sentinel surveillance completion date was not available, the
publication date was used as a proxy. The first-order of
subnational administrative units (SNU1), available from the
World Factbook [22], such as province, region, or state, were
used to compare the distribution of the survey or sentinel
surveillance sites to define the geographic coverage.

An initia review/analysis of all the studies meeting the
aforementioned criteria was conducted in December 2016 and
later updated in July 2018.

Categorization and Scoring

All the HIV prevalence data were categorized by country and
KP group regarding availability and quality in descending order
from (1) to (5) according to criteria that considered the
geographical coverage, availability of trends over time, and
recency of estimates (Figure 1).
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Figure 1. Decision tree depicting categorization of the subnational HIV prevalence data by key population and country. SNU1: first-order subnational

administrative unit, such as a province, state, or region.
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(1) Nationally adequate: This category comprised countries
with more than 50% of SNU;-level administrative units

presenting any available prevalence data, with most having at
least 3 data points, the last one between 2015 and 2017.

(2) Localy adequate within selected SNUs but nationally
inadequate: This category comprised two scenarios, namely
(a) countries with less than 50% of SNU,-level administrative

units with any data, with the majority having at least 3 data
points, the last one between 2015 and 2017, or

(b) countrieswith more than 50% of SNU;-level administrative
units with any data, with the majority not meeting the criteria
of having at least 3 data points, the last one between 2015 and
2017.

(3) No recent data: This category comprised countries with at
least 3 available data points for one or more of the SNUs listed,
but the last data point was collected prior to 2015.

(4) No trends available: This category comprised countrieswith
less than 3 available data points for any SNU.

(5) No data: This category comprised countries with no HIV
prevalence data for any KPs since 2001.
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Quality wasfurther assessed in terms of sampling methods and
sample size. Sampling methods were classified as probability
(eg, simple random, systematic, or stratified sampling),
approximate probability (eg, RDS or TLS), and nonprobability
(eg, snowball) methods. Sample size datawere grouped as <100
or 2100. For any SNU (SNU; or otherwise) with 3 or more data
pointsfor any KP group, the sampling methods were examined
to assess whether they were consistent over time.

Maps were generated using Q-GIS (version 3.8 ; QGIS
Development Team) [23]. Regiona divisionsfor UNAI DSwere
used, while country-specific shapefiles were downl oaded from
GADM, adatabase of thelocation of theworld’sadministrative
aress.

Results

Of the 123 countries (for the full list, see Multimedia Appendix
1) assessed, 113 (91.9%) had at least 1 data point/prevalence
estimatefor at least 1 KP group during the period of 2001-2017.
During the same period, 10 countries (Dominica, Gabon,
Grenada, Democratic People’s Republic of Korea, Marshall
Islands, Saint Lucia, Samoa, Sao Tome and Principe, Sierra
Leone, and Tuvalu) did not report any HIV prevalence datafor
any KP group (Figure 2).

IMIR Public Health Surveill 2020 | vol. 6 | iss. 4 [e21688 | p.16
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Arias Garciaet a

Figure2. HIV prevalence categorization by key population (2001-2017). Kosovo and Zanzibar are not included due to unavailability of their shapefiles.

MEN WHO HAVE SEX WITH MEN

SEX WORKERS

Among the 123 countries assessed, prevalence data for HIV
were available for SWsin 86.2% (106/123); MSM in 80.5%
(99/123); people who inject drugs in 45.5% (56/123); and
transwomen in 23.6% (29/123) of the countries. KP
group-specific categorization results are presented by country
in Figure 2. Approximately half of the countries assessed
(63/123, 51.2%) presented data for at least 3 KPs. Very few
countries (13/123, 10.6% in al; 6/123, 4.9% for SWs, 2/123,
1.6% for MSM; and 5/123, 4.1% for people who inject drugs;
Table 1) were categorized as having “nationally adequate” data
for any single KP. Further, while 26.8% (33/123) countrieswere
categorized as having data that were “locally adeguate” within
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the selected SNUSs, they were considered as “nationally
inadequate”, primarily for SWs and MSM.

Of the 123 countries assessed, 78.0% (96/123) had data for at
least 2 groups; and 51.2% (63/123), for at least 3 groups. Only
14.6% (18/123) had datafor all 4 groups (Table 2).

Among SWs and MSM, “no trends available” was the most
common category, followed by “locally adequate but nationally
inadequate.” For people who inject drugs and transwomen, the
most common category was “no data,” followed by “no trends”
(Table 1).
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Table 1. Categorization of HIV prevalence data by KP? and region (2001-2017).

KPs Regions
Asiaand Eastern and Eastern LatinAmerica MiddleEastand Western and Total (N°=123)
Pacific Southern Africa Europe and (nb=22) North Africa Central Africa
b_
(I"Ib=28) (nb=22) Central (n"=11) (nb:24)
Asia(nP=16)
SWsd, n (%)
Nationaly ade-  1(3.6) 0(0) 2(12.5) 0(0) 0(0) 3(12.5) 6 (4.9
guate
Locally adequate 13 (46.4) 1(4.5) 5(31.3) 7(31.8) 3(27.3) 4(16.7) 33(26.8)
but nationally in-
adequate
No recent data 2(7.1) 4(18.2) 2(12.5) 3(13.6) 4(36.4) 5(20.8) 20 (16.3)
No trends 7(25.0) 17 (77.3) 5(31.3) 7(31.8) 3(27.3) 8(33.3) 47 (38.2)
No data 5(17.9) 0(0) 2(12.5) 5(22.7) 1(9.1) 4(16.7) 17 (13.8)
MSME€ n (%)
Nationaly ade-  0(0) 0(0) 2(12.5) 0(0) 0(0) 0(0) 2(1.6)
quate
Locally adequate 12 (42.9) 0(0) 7(43.8) 8(36.4) 2(18.2) 4(16.7) 33(26.8)
but nationally in-
adequate
No recent data 2(7.1) 1(4.5) 3(18.8) 2(9.1) 0(0) 2(8.3) 10(8.1)
No trends 8(28.6) 15 (68.2) 4(25.0) 9(40.9) 5(45.5) 13(54.2) 54 (43.9)
No data 6(21.4) 6(27.3) 0(0) 3(13.6) 4(36.4) 5(20.8) 24 (19.5)
People who inject drugs, n (%)
Nationaly ade-  1(3.6) 0(0) 4(25.0) 0(0) 0(0) 0(0) 5(4.1)
quate
Locally adequate 8 (28.6) 0(0) 4(25.0) 0(0) 2(18.2) 0(0) 14 (11.4)
but nationally in-
adequate
No recent data 2(7.1) 2(9.) 5(31.3) 0(0) 2(18.2) 1(4.2) 12 (9.8)
No trends 5(17.9) 6(27.3) 2(12.5) 4(18.2) 2(18.2) 6 (25.0) 25(20.3)
No data 12 (42.9) 14 (63.6) 1(6.3) 18 (81.8) 5(45.5) 17 (70.8) 67 (54.5)
Transwomen, n (%)
Nationaly ade-  0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
quate
Locally adequate 5 (17.9) 0(0) 0(0) 0(0) 0(0) 0(0) 5.1
but nationally in-
adequate
No recent data 2(7.1) 0(0) 0(0) 3(13.6) 0(0) 0(0) 5(4.1)
No trends 6(21.4) 1(4.5) 0(0) 8(36.4) 0(0) 4(16.7) 19 (15.49)
No data 15(53.6) 21(95.5) 16 (100.0) 11 (50.0) 11 (100.0) 20(83.3) 94 (76.4)
3K P: key population.
BN umber of countriesin aregion.
“Total number of countries assessed.
dsws: sex workers,
€M SM: men who have sex with men.
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Table 2. Number and proportion of countries distributed by number of KPs*with HIV prevalence SNUP data (2001-2017; N=123).

Status of HIV prevalence SNU data

Number of countries, n (%)

No data

1 population
2 populations
3 populations
4 populations

10 (8.1)
17 (13.8)
33(26.8)
45 (36.6)
18 (14.6)

8 P: key population.
BSNU: subnational unit.

Different patterns of availability and quality were evident among
theregions. Considering thetop 2 categories, namely “nationally
adequate” and “locally adequate,” on average, availability and
quality of data for SWs were better in the Asia and Pacific
region than in other regions. Better data availability and quality
were observed for MSM in the Asia and Pacific and Eastern
Europe and Central Asia regions. While data for people who
inject drugs were available for countries in the Eastern Europe
and Central Asiaregions, the mgjority were categorized as*no
recent data” Most countries in the other regions were
categorized under “no data”’ for people who inject drugs.

Multimedia Appendix 2 presentsthe number of HIV prevalence
datapoints available by KPsover timeaswell asthe availability
of sample size information and number of data points with a
sample size>100. From 2001 to 2017, the number of data points
increased with fluctuationsfor M SM and transwomen, fluctuated
but stabilized for people who inject drugs, and fluctuated but
decreased for SWSs. Information on sample size was available
for more than 80% of the HIV prevalence data pointsfor MSM

(1217/1456, 83.6%) and transwomen (226/273, 82.8%), and
for more than 50% of the HIV prevalence data points for SWs
(2470/4368, 56.5%) and people who inject drugs (1194/2211,
54.0%). Among those data points with reported sample sizes,
83.9% (1002/1194) reported a sample size>100 for people who

http://publichealth.jmir.org/2020/4/e21688/

inject drugs; and 82.3% (1002/1217), for MSM. An overall
increase in the number and proportions of data points with
sample sizes>100 was observed, especialy for MSM, people
who inject drugs, and transwomen.

Table 3 presents the sampling methods used for surveys or
sentinel surveillance in those SNUs with at least 3 data points
for any KP (n=68). Of thetotal SNUs, 9.5% (416/4368), 19.2%
(280/1456), 11.3% (249/2211), and 20.9% (57/273) met the
criteria of 3 data points per KP for SWs, MSM, people who
inject drugs, and transwomen. Overall, a small proportion of
SNUSs, namely 18.3% (76/416) for SWs, 10.7% (30/280) for
MSM, 10.4% (26/249) for people who inject drugs, and 24.6%
(14/57) for transwomen, used probability sampling or
approximate probability sampling. Snowball sampling was the
most common nonprobability sampling method across all KP
groups. Moreover, 46.6% (194/416) of those SNUSs reporting
at least 3 data points for SWs did not report any sampling
methods. Cluster, systematic, simple random, or stratified
sampling methods were mostly applied from 2001 to 2008 and
in a few countries where venue- or site-based sentinel
surveillance had been implemented (data not shown). The
comparable proportionsfor the other KPsare asfollows: 35.4%
(99/280) for MSM, 39.8% (99/249) for peoplewho inject drugs,
and 29.8% (17/57) for transwomen (Table 3).
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Table 3. Sampling methods used for surveysin SNUs? with at least 3 data points for any KPP (N°=68).

Sampling methods KPs

sws? (Né=416)

MsM' (N6=280)

People who inject drugs (N®=249) Transwomen (N®=57)

Nonprobability sampling, n (%)

Cluster 34(8.2) 10 (3.6)
Convenience 32(7.7) 18 (6.4)
Facility-based 15 (3.6) 13 (4.6)
Snowball 62 (14.9) 99 (35.4)
Other nonprobability sam- 3(0.7) 11(3.9)
pling
Probability sampling, n (%)
Rroporti onateto population 12 (2.9) 5(1.8)
size
Respondent-driven sampling 9 (2.2) 4(1.9
Systematic, smplerandom, 41 (9.9) 14 (5.0)
or stratified
Time-location sampling 14 (3.4) 7(2.5)
Unknown, n (%) 194 (46.6) 99 (35.4)

17 (6.8) 5(8.8)
10 (4.0) 2(3.5)
15 (6.0) 6(10.5)
74(29.7) 13(22.8)
8(3.2) 0(0)
3(1.2) 2(3.)
4(1.6) 3(5.3)
12 (4.8) 7(12.3)
7(28) 2(3.5)
99 (39.8) 17 (29.8)

8SNU: Subnational unit.

bk p: key population.

“Total number of countries.

dsws: sex workers,

®Total number of SNUs with at least 3 data points.
fMSM: men who have sex with men.

We also examined the sampling methods used at the country
level. In terms of KPs, the results showed that 47.2% (58/123),
36.6% (45/123), 25.2% (31/123), and 8.1% (10/123) of the
countries reported sampling methods for at least 3 data points
for MSM, SWSs, people who inject drugs, and transwomen,
respectively. Among these groups of countries, 12.2% (15/123),
12.2% (15/123), 6.5% (8/123), and 1.6% (2/123) of the countries
used approximate probability sampling methods consistently
for MSM, SWSs, people who inject drugs, and transwomen,
respectively (data not shown).

Of the 106 countries that presented any subnational HIV
prevalencedataamong SWs, 14.2% (15/106; Bangladesh, Nepal,
Pakistan, Papua New Guinea, Philippines, Thailand, Paraguay,
Peru, Guyana, Suriname, Egypt, Bolivia, Guatemal a, Paraguay,
and Coted'lvoire) had disaggregated datafor male SWs. Of the
56 countries that presented any preval ence data for people who
inject drugs, 16.1% (9/56) (Bangladesh, Nepal, Philippines,
Kenya, United Republic of Tanzania, Republic of Moldova,
Russia, Egypt, and Iran) had disaggregated data for female
injectors. Moreover, 26.8% (33/123) of countries (Belize,
Bangladesh, Bhutan, Bolivia, Cambodia, Columbia, CostaRica,
Cote d'lvoire, Dominica Republic, Democratic Republic of
Congo, Ecuador, El Salvador, Fiji, Guatemala, Guyana, Haiti,
Honduras, India, Indonesia, Laos, Maaysia, Nepal, Nicaragua,
Panama, Paraguay, Peru, Philippines, Papua New Guines,
Samoa, Thailand, Tuvalu, Uruguay, and Vanuatu) clearly listed
transwomen asthe target population for the survey at least once;
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note that transwomen may have been included in the surveys
on MSM in other countries.

Discussion

Despite general improvementsin the availability and quality of
HIV preval ence estimates among KPsin low-and middle-income
countries from 2001 to 2017, both remain woefully inadequate
compared with HIV surveillance datafrom general populations
(ie, antenatal care (ANC) sentinel surveillance and
popul ation-based estimates of HIV prevalence). These essential
epidemiologic dataare critical for monitoring the HIV epidemic
and response regardless of epidemic type. Very few assessed
countries (13/123, 10.6%) were categorized as having
“nationally adequate” data for any single KP. Only 26.8%
(33/123) of countries assessed were categorized as having data
that were “locally adequate within selected SNUs but nationally
inadequate,” primarily for SWsand MSM. Intotal, only 37.4%
(46/123) of countries assessed had at |east locally adequate data
for local program planning and monitoring. Lack of nationally
representative data presents a great challenge for strategic
planning, advocacy, and target setting, as well as cascade
analyses, which allow programsto identify and target differential
access, coverage, and quality of services. Countries may misuse
subnational data from a small proportion of the population to
represent the entire country without appropriate adjustment.
Such misuse of data can lead to incorrect resource allocation
and overall estimation of HIV burden. Models, such as those
used in the Spectrum suite (Avenir Hedlth), provide one
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approach to extrapolate data, though input data quality must
still be adequate.

Global, regional and national HIV prevalence trends are
published by UNAIDS annually. However, tracking the trends
of HIV prevalence among KPsremainsamajor challenge. Even
till 2017, 36 yearsinto the HIV epidemic, many programs still
could not assess whether the programmatic responses among
KP communitieswereimproving or regressing. In Africa, where
the HIV epidemic is more generalized, epidemics among the
KPs were mostly neglected until very recently, when these
countries started to gain epidemic control in the general
population. About half (59/123, 48.0%) and one-third (46/123,
37.4%) of countries assessed presented at | east 3 data pointsfor
SWs and MSM, respectively, from 2001 to 2017, despite the
technical guidance urging the collection of such data every 2-3
years[10,24,25]. Thischallengeisthe greatest in Eastern Europe
and Central Asiafor all 4 groups, followed by Latin America
and the Caribbean, and the West and Central Africaregions.

Statistically representative estimates require the use of a
probability sampling method and an adequate sample size. The
use of approximate probability sampling methods hasincreased
since 2003, especidly in the last 5 years for MSM and SWs
(data not shown). However, consistent use of such sampling
methods remains limited. Inadequate sample sizes remain an
issue despite an increasing trend in the number of estimates
(among MSM, people who inject drugs, and transwomen) and
surveys reporting sample size information (among SWs and
people who inject drugs) (Multimedia Appendix 2).

Collecting information on the HIV epidemic among KPs
continues to be uniquely challenging. While HIV surveillance
approaches within generalized epidemics continue to shift
toward reliance on routine ANC programmatic testing data, KP
programmatic data face several important hurdles. The first
hurdle concerns KP group disaggregation. In order to be able
to disaggregate HIV testing data by KP groups, it would be
necessary to collect and report information on these groups.
The second issue concerns coverage and representativeness;
whereas high majorities of pregnant women attend first ANC
vigits, HIV testing service coverage among KPsismorevariable
and difficult to define. Service providers need to be properly
sensitized and trained for risk ascertainment and documentation.
However, any activities that could potentially unmask people
who engage in stigmatized or illegal behaviors should be
avoided, or at least carefully balanced against the rights and
safety of community members, who should be closely involved
with related policy and technical decisions. Such efforts should
continue to ensure that essential health data are also collected
directly from within the communities, including through
community-led monitoring, and settingsthat provide prevention,
care, and treatment services to these populations. Such
approaches will enable evolution toward more integrated and
sustainable approaches, ensuring strategic information in the
long term.

Health information systems must be strengthened to enable
collection of person-centered individual-level longitudinal
information about KPs. This strengthening should include
investments in robust data security and confidentiality
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procedures. It is important to establish shared ownership and
integration of health information systems between government
institutions and nongovernmental organizations (NGOs), with
involvement of communities and civil society playing an
essential part. As afirst step, systems that collect prevention
and HIV testing data for KPs (usually owned by NGOs, at
physical or virtual locations) should be linked with systems that
collect treatment data (typicaly owned by governmental
institutions). Using common unique identification standards,
the entire prevention, testing, treatment, and viral 1oad cascades
can be measured for the populations served at any given point
in time. Again, it is important to emphasize that data security
concerns may prevent NGOsfrom sharing individual-level data
[26], and this aspect must be adequately addressed to alleviate
community concerns. Some examplesindicate how HIV-related
data among KPs are gathered from all service providersin a
singleinformation system[8]. Such an arrangement will ensure
that programmatic and real -time data can be used for monitoring
the epidemic among KPs. While external donors shall continue
financing such data systems and building in-country capacity,
national stakeholders need to increase financing for government
institutions and NGOs for long-term, localized solutions for
collection and use of quality data.

There are severa limitations to this analysis. This anaysis did
not include data collected from prisoners and some other
affected populations defined in the WHO guidelines[2]. Despite
the efforts to collect and review all survey data from available
sources, some data were not accessible. Many accessed survey
reports were draft versions, and fina reports may present
different results (eg, after weighted analysisis conducted). Many
reports did not describe basic survey elements such as
representativeness, sample size, sampling methods, and
eligibility criteria. Lack of such basic elements limited the
establishment of consistent quality metrics or a composite
scoring system. The categorization, a preliminary attempt to
assess data availability and quality in combination, did not factor
the consistency in sampling methods across years. Nor wasthe
comparability of dataacross countries over time assessed. HIV
prevalence is less sensitive than HIV incidence or mortality in
gauging theimpact of the HIV response. Asincidenceand viral
suppression data become avail able, this categorization approach
may be useful to understand the monitoring quality of these
critical indicators. Moreover, trend analysisrequiresaminimum
of 3 data points at the same SNU, with consistent application
of probability sampling or approximate probability sampling
methods. This definition yielded few SNUs for trend analysis,
as the majority of the SNUs applied only nonprobability
sampling methods. Last, the sample size selection of 100 asthe
threshold was arbitrary. Sample size considerations of each
individual survey could not be reviewed for many of the
available data

Notwithstanding a dlight decline in the availability of HIV
preval ence data among SWsfrom 2001 to 2017, availability of
data from the other reviewed populations increased during the
same period. This increase is partly attributable to increased
global financial investments and technical advances in
implementing surveys among difficult-to-survey populations.
Overal, however, the continued inadequacy of the most essential
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data is concerning. Regardless of the epidemic settings, basic  ability to ensure service coverage and quality in the last mile
epidemiologic data are essential for monitoring HIV responses  toward ending HIV asapublic health threat by 2030. The global
and understanding progress toward the 95-95-95 goals. goal of ending HIV asan epidemic cannot be achieved without
Ultimately, the success of the HIV response will hinge on our  controlling the epidemic among KPs.
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Abstract

Background: Poor nutrition and food selection lead to health issues such as obesity, cardiovascular disease, diabetes, and
cancer. This study of YouTube comments aims to uncover patterns of food choices and the factors driving them, in addition to
exploring the sentiments of healthy eating in networked communities.

Objective: The objectives of the study are to explore the determinants, motives, and barriers to healthy eating behaviors in
online communities and provide insight into YouTube video commenters’ perceptions and sentiments of healthy eating through
text mining techniques.

Methods: This paper applied text mining techniques to identify and categorize meaningful healthy eating determinants. These
determinants were then incorporated into hypothetically defined constructs that reflect their thematic and sentimental nature in
order to test our proposed model using a variance-based structural egquation modeling procedure.

Results. With adataset of 4654 comments extracted from YouTube videos in the context of Malaysia, we apply atext mining
method to analyze the perceptions and behavior of healthy eating. Therewere 10 clustersidentified with regard to food ingredients,
food price, food choice, food portion, well-being, cooking, and culture in the concept of healthy eating. The structural equation
modeling results show that clusters are positively associated with healthy eating with al P values less than .001, indicating a
statistical significance of the study results. People hold complex and multifaceted beliefs about healthy eating in the context of
YouTube videos. Fruits and vegetables are the epitome of healthy foods. Despite having a favorable perception of healthy eating,
people may not purchase commonly recognized healthy food if it has a premium price. People associate healthy eating with
weight concerns. Food taste, variety, and availability are identified as reasons why Malaysians cannot act on eating healthily.

Conclusions: Thisstudy offers significant value to the existing literature of health-related studies by investigating the rich and
diverse social media data gleaned from YouTube. This research integrated text mining analytics with predictive modeling
techniques to identify thematic constructs and analyze the sentiments of healthy eating.

(JMIR Public Health Surveill 2020;6(4):€19618) doi:10.2196/19618

KEYWORDS
YouTube comments; text mining; healthy eating; clustering; structural equation modeling

healthy nutrition choices. Food selection plays amajor rolein
ahedlthy lifestyle. Studies have shown that taste, cost, nutrition,
convenience, pleasure, and weight control are the predicting
factors for food selection [1]. This aigns with a number of
dietary recommendations and public health campaigns aiming
to encourage people to eat hedthily.

Introduction

Background

Poor nutrition and food selection lead to health issues such as
obesity, cardiovascular disease, diabetes, and cancer. In order
to reduce the risk of these diseases, it is important to follow
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Themajority of online comments contain opinions. Socia media
platforms serve as a key source for obtaining large, current
datasets[2]. Thisstudy focuses on YouTube comments because
YouTube's environment is multilingual, multidomain, and
multicultural [2], and YouTube audiences, in turn, are
international and intergenerational. In other words, the diverse
nature of YouTube comments makes it a potentially valuable
source of opinions on videos and the issues depicted in them
[3]. In studies on health-related issues, YouTube qualifiesitself
as a natural candidate for researchers to study topics in the
development of community and data exchange [4]. YouTube
containsalarge volume of comments made by video audiences.
Although these commentsrefl ect the commenters’ assumptions
about food choices and health awareness [5], little is known
about what people are discussing in terms of healthy eating.
The aim of this study of YouTube video comments related to
healthy eating isto uncover the reasonsfor and patterns of food
choices in networked communities.

Objectives

The objectives of the study are to explore the determinants,
motives, and barriers to healthy eating behaviors in online
communities and provide insight into YouTube video
commenters perceptions and sentiments of healthy eating
through text mining techniques. The study addresses the
following questions: Can we identify the relevant topics and
categories of healthy eating comments meaningfully? Can we
interpret people’s sentiments related to healthy eating?

Review on Healthy Eating

Healthy eating is defined as having adiet that islow in fat and
high in fiber, with more fruits and vegetables in addition to
balance and variety [6]. Bisogni and colleagues [7] conducted
a systematic review of past qualitative research studies to
understand how peopleinterpreted healthy eating. Their research
revealed that people associated healthy eating with fruits and
vegetables, animal-based products, safe food, functional food,
genera nutrients, fiber, vitamins and mineral s, balance, variety,
and moderation, with descriptors such as fat, natural, organic,
homemade, and so on. People discussed healthy eating in terms
of foods, nutrients, or other components. Another study focused
on group interviews with adolescents from high school. The
results showed that young people considered healthy eating to
be eating the right types of food, and they went ahead to name
specific foods, such as fruit, salad, and yogurt [6]. They aso
included carbohydrate-rich foods (eg, rice and pasta), |lean meat
(baked chickenin particular), and tofu. Home-grown vegetabl es,
greens, corn, and celery were mentioned during the interviews.
The adol escents shared their understanding of unhealthy eating
by naming specific foods, such as fast food, candy, soda pop,
and chips [6]. Lu and Gursoy [8] examined the influencing
factor of organic food on consumer decision making. Theresults
indicated that healthy food described not only a low-fat or
low-caloriediet but also amesal loaded with nutrientsand quality
ingredients (eg, organic food).

In the 20th century, the Mediterranean diet pyramid was
presented in the study by Willett and colleagues [9]. This diet
is characterized by abundant plant food, fresh fruits daily, olive
oil as the principal source of fat, dairy products (in particular
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cheese and yogurt), fish and poultry consumed in moderate
amounts and red meat consumed in low amounts, and wine
consumed in low or moderate amounts during meals [9]. The
study exemplified the abundance of plant food with couscous,
vegetables, and legumes in North Africa, pasta, rice, and
vegetables in South Europe, and bulgur, rice and vegetables,
chickpess, and other beansin the Eastern Mediterranean regions.
Olive ail islow in saturated fat, and it is a major source of fat
in the Mediterranean diet. Dairy products are included in this
diet from animal s such as goats, sheep, cows, and buffalo. These
products are consumed in small to moderate portions. Compared
with the high intake of meat in the Western diet, the
Mediterranean diet recommends red meat in low amounts, along
with moderate consumption of fish and eggs. A healthy lifestyle
would requireregular physical activity and sufficient relaxation.
Carefully prepared deliciousfood and sharing food with family
and friends stimul ated the enjoyment of a healthy Mediterranean
diet. Apart from academic research, the public health sector in
the United States promoted healthy eating by releasing the
Healthy Eating Index (HEI) in 1995. The HEI-2005 dietary
guidelines advise peopleto eat fruit instead of fruit juice, to eat
dark green and orange vegetables, and to eat legumes. Milk,
meat, and beans are included in the index. HEI-2005 assesses
the intake of food and nutrients from a density basis, which is
calculated asaratio to energy intake. The 1200- to 2400-calorie
weekly pattern meets the recommended nutrient intake,
including a 1000-cal orie weekly intake of dark green and orange
vegetables and legumes. HEI-2005 includes guidance on sodium
and saturated fat intake as well. The dietary guidelines
encourage people to consume low-fat food free of added sugar
and avoid solid fat and alcoholic beverages[10].

Many studies have explored the determinants of healthy eating
behavior. In terms of food characteristics, Lu and Gursoy [8]
examined food quality from the diners' decision-making aspect.
The results showed that food presentation, the presence of
nutritiousingredients, taste, and freshness are the critical factors
that influence the diners' attitudes toward visiting certain
restaurants. Examining a review of academic papers focused
on children and youths, Taylor et a [11] revealed that children’s
food preferences are an important predictor of healthy eating.
They believe that alack of nutrient knowledge can lead to poor
food choices [11]. Differences in the determinants of eating
behaviors were found in boys and girls. Deshpande et al [1]
investigated factorsinfluencing college students’ healthy eating
habits and found that femal e studentstend to eat more fatty food
than male students. They aso concluded that female and male
students are motivated to eat a healthy diet by different factors.
This result is consistent with the study by Croll et a [6]. Girls
eat healthy food in order to have a better appearance, whereas
boys eat healthily to maintain energy. Food price is considered
to be an economic determinant of healthy eating. As agreed by
Taylor and colleagues [11], the most common consideration in
reference to food choice is food price. In other words, having
alow income leads to selecting food that is high in sugar and
fat asthese foods are cheaper. This also meansthat people have
low-quality meals [8]. Moreover, another study found that the
food price is higher for healthy food than any other food in
grocery stores. These grocery stores appear to have more
positive reviews regarding the availability of quality healthy
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food [12]. Parenting styles and one's peers are regarded as the
social determinants of healthy eating. Students off campus
choose different foods from students living on campus[1]. The
physical environment determinants include food portion size
and school environment. Studies have been carried out to
implement environmental interventionsin reference to healthy
eating [1,13]. Thisprovidesachanceto eliminate or weaken an
unhealthy environment so it is easier for people to engage in
health-enhancing behavior. In addition, environmental
interventions promote role models and social support for the
members of the community.

Studies have investigated motives influencing healthy eating
behavior as well and have indicated that a healthy appearance,
positive feelings, and preventing disease are the factors behind
college students having ahealthy diet [1]. Similar findingswere
included in a study by Shepherd et al [14]. Previous work
reveal ed that wei ght management isinfluenced by healthy eating
[15]. A number of barriers to healthy eating were examined as
well. Shepherd et al [14] identified that the poor availability of
healthy food at school, alack of healthy eating information from
teachersand friends, the students’ preferencesfor fast food, and
expensive healthy food are barrier factors [14]. Deshpande et
a [1] included time sufficiency, convenience, and a higher
perception of stress and low self-esteem as student barriers to
healthy eating. It is widely known that a lack of nutrition
knowledge is attributed to barriers to healthy eating.

YouTube Video Comments

We reviewed the literature related to YouTube video comments
and found that a number of studies have categorized YouTube
comments through various approaches given the complexity of
YouTube comment characteristics. Madden et a [16] applied
a classification scheme that covers impressions, advice,
opinions, and commentsin terms of YouTube use. Thisscheme
reveals differences in YouTube video commenting behavior
regarding different genres. Their study clustered 10 detailed
categoriesof YouTube comments, including information, advice,
impression, opinion, responses from previous comments,
expression of persona feelings, general conversation, site
process, video content description, and nonresponse messages
[16]. Another study categorized YouTube comments related to
health issues into different groups. self-disclosure comments,
feedback for the video uploader, factual in nature, help-related
messages, and so on [17]. Wendt et al [18] studied significant
differencesin user perceptionsof viral stealth videosand product
advertising videos. Topic, pragmatics, and sentiment are the
three main categories of YouTube videos. It is recognized that
comments are generally positive toward these videos. Madden
et al [16] explored the nature of YouTube comments to
understand perceptions of the utility of YouTube videos by
developing acategory scheme. Their schemeincluded questions,
responses, feedback (general), feedback (positive/agree),
feedback (negative/disagree), appreciation/acknowledgment,
giving persona information/situation, personal action,
spam/promotion, and unclassifiable messages [19]. Besides
categorizing YouTube comments, severa studies explored the
characteristics of YouTube videos, such as video type, viewer
engagement level, technique use level, and message level [20].
Ferchaud et al [21] established categories from video content
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feature and production feature aspects in order to explore
parasocial attributes and YouTube personalities [21]. Zhang et
al [22] demonstrated that statistical evidence, narrative, humor,
fear image, and peer influence are important types of video
message appeal that stimulate moreviews, likes, and comments
on YouTube videos related to healthy eating.

Text Analytics

In studies of health research, surveys and consultations with
patients have the advantage of involving a large sample.
Conducting these surveys may potentially prevent geographical
dependence, yet the number of answers is restricted in
questionnaires, which can reduce the chances of capturing deep
input [23]. Additionally, low response rates and the difficulty
of obtaining an essential understanding of sensitive issues are
other disadvantages of traditional survey methods [24]. In
contrast, interviews and focus groups can offer the possibility
of obtaining detailed information [23]. However, given the
relatively small sample size, these methods may overlook
important aspects of the interviewees opinions. Long and
diffused answers generated from interviews make them difficult
to understand or analyze through a traditional approach [25].
Bicquelet [ 23] applied the text mining technique to gather online
data in order to understand patient needs. This increasingly
popular socia research technique has been adapted to analyze
levels of interest in atopic or atime series analysis of trendsin
interest [3]. Text mining allowsresearchersto process datafrom
a large number of web pages. In recent years, this automated
analysis has quickly and effectively interpreted large bodies of
extracted online data, thus promising valuable insights across
different research areas [23].

Feldman and Sanger [26] defined text mining as extracting the
corpus of the data and identifying patterns and relationshipsin
the textual data automatically. In other words, it is a process of
extracting meaningful information pieces and subsequently
applying algorithmsto the extracted dataand deriving structured
variablesfor further analysis[27]. Text mining focuseson areas
such asretrieving information, classifying and clustering texts,
natural language processing, and so on. With the growing
availability and popularity of social mediaplatforms, sentiment
analysis has emerged as a novel research area within text
analytics in recent years [26,28]. Traditionally, sentiment
analysis is about whether someone has a positive, neutral, or
negative opinion toward something. In the context of social
media, sentiment analysis aimsto determinethe opinion polarity
of online reviews made by internet users toward products and
services[28]. Asan automated information obtai ning technique,
sentiment analysis can find the hidden patterns embedded in
reviews, blogs, and twests. It is extremely valuable to obtain
this knowledge, as the opinions expressed within social media
networks are genuine [29]. We observed that these affective
opinions are easily understood, and they become the basis of
decision making. Although sentiment analysis within text
analytics has been applied in the palitical science, marketing,
and consumer behavior fields, it hasrarely been used to extract
meaningful information from online data on health-related
issues.
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Researchers have applied new methods to analyze the contents
and sentiments of YouTube comments. For example, Severyn
et a [2] proposed ashallow syntactic structureto test and predict
comment types and their polarity in English and Italian. They
believe that this structure outperforms the traditional approach,
such as the bag-of-words model, in terms of mining opinions.
HarViswasintroduced by Ahmad et al [4] asatool to facilitate
YouTube content acquisition, data processing, and visualization
on any topic. Thelwall [3] developed comment term frequency
comparison in order to investigate YouTube video topics as a
novel social media analytics approach.

Sentiment analysis is a trending topic among YouTube video
comments studies. One study investigated co-commenting
behavior on K-pop videos by analyzing the weighted frequency
and weighted sentiment scores of the co-comments. Theresults
indicated that a large number of co-comments are positive,
which impacted the co-commenting behavior in the K-pop video
community [30]. Another study used SentiWordNet to analyze
the comment ratings on the YouTube video platform. The
findings showed that community feedback with term features
is an indicator of the community acceptance of the comments
[31]. This study will apply text mining techniques to extract
YouTube healthy eating video comments and interpret them in
order to understand peopl€’s perceptions and sentimentsrel ated
to healthy eating.

Methods

Video and Comments Selection

This study analyzed comments scraped from YouTube related
to hedlthy eating videos to investigate the perceptions and
sentiments of YouTube audiences. It is set in Malaysia, where
11% of Malaysians have diabetes, the highest rate of incidence
in Asia and one of the highest in the world. We are motivated

Table 1. Overview of selected YouTube videos.

Teng et a

to understand the reasons for this health care predicament. We
thusintend to examine healthy eating behaviorsin this country.
Given the enormous volume of YouTube video comments, we
were ableto gather data concentrated on healthy eating. Hence,
a systematic search was conducted to select comments for
analysis. The key phrase “healthy eating in Maaysia’ was
entered into the YouTube search engine. With the help of the
filter function, videos were selected and ranked by relevance
in descending order. The criteria for selecting videos in this
study are the relevance of YouTube video contents of healthy
eating in Malaysia, the number of each video's views, and the
number of comments generated by commenters. The authors
watched the videos from the first 5 consecutive results pages
in order to select all of the relevant videos. They progressed
through the rest of the list until the searched videos became
totally unrelated. Following the steps by Meldrum et a [19],
videos pertaining to non-Malaysian food, videos in languages
other than English, videos targeting specific audiences, and
videosthat had disabled the commenting feature were excluded.
Additionally, videos with fewer than 50 comments were
excluded. In total, 10 videos remained after the authors
independently screened and recorded the titles and links of the
qualified videos. Replies to the existing comments and
comments left by the video's creators were included as this
content analysis focused on all of the community members
opinionson healthy eating. Overall, 5756 commentsand replies
posted under the 10 videos were scraped from YouTube [32]
and transferred to an Excel spreadsheet (Microsoft Corporation).
The authors read through the dataset and removed data entries
such as#NAME#, external links, and advertisements. Thisdata
cleansing process returned 4654 data entries for the content
analysis. Table 1 summarizes the videos included in this study.
Similar to previous studies [17,19,33], as this study involved
anonymous, publicly available data, it was deemed as exempt
by the human ethics committee of Taylor’s University.

Title Views, n Comments, n
How | Eat Healthy on aLow Budget! (Cheap & Clean) [34] 1,197,933 1815
Must Eat “Free” Foods to Stay Slim [35] 1,152,241 745
Dieting Mistakes—Why You're Not Losing Weight! [36] 1,034,300 872
My EAT CLEAN Meal Plan (Full Recipes) [37] 577,141 373
It's Tough Dieting in Malaysia[38] 534,511 877
Healthy Foods That Can Make You GAIN WEIGHT [39] 436,489 668
Budget Meal Prep As a College Student! [40] 127,003 103
The Ultimate MALAY SIAN Healthy Food Swaps— Eat This. Not That [41] 52,418 196
We Try Eating Healthy for 2 Weeks — SAY S CubaTry [42] 39,959 53
What | Eat in aDay in Malaysia (video currently inaccessible) 25,552 54

Data Analysis

This study used a computer-assisted content analysis package
called Text Miner version 9.4 (SAS Institute Inc) to analyzethe
comments from selected YouTube videos related to heathy
eating. This software combines textual and statistical anaysis
by focusing on the frequency of wordsin acorpus. For example,

https://publichealth.jmir.org/2020/4/€19618

homogeneous subsets of words are identified on their lexical
basis. Attheinitial stage, the SAS software extracts, stems, and
filters words, which is called text parsing in the data analysis
process. After the YouTube comments are tokenized, the
identified termsarelisted in terms of word frequency (see Table
2). During the text parsing node, parts of speech such as

JMIR Public Health Surveill 2020 | vol. 6 |iss. 4 [e19618 | p.28
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

prepositions, pronouns, and auxiliary verbs are ignored. Text
parsing facilitates the systematic splitting of texts into sets of
controllabletermsin thetext corpus. By eliminating extraneous

Teng et a

set of relevant terms for further analysis via the term
frequency—inverse document frequency algorithm (see
Multimedia Appendix 1). This algorithm retains terms that are

terms, the text filter node keeps the relevant and meaningful ~ deemed relevant to the study like “ healthy,” “vegan,” “weight,”
terms that are shown by their frequency of occurrence in the “workout,” etc, whileremoving stopwordslike“the” “a” “on,”
dataset. Theincreased signal-to-noiseratio enhancesthequality and “in,” etc.
measure of the dataset [43]. The two processes led to a robust
Table 2. Excerpts of the term frequency document.
Term attrstring® Weight Frequency Keep
+P et Alpha 0.2600599 610 Y
+ video Alpha 0.2509651 444 Y
+ food Alpha 0.2883606 486 Y
+ good Alpha 0.2775832 368 Y
+love Alpha 0.3065190 282 Y
+ healthy Alpha 0.3331854 271 Y
+ people Alpha 0.3584516 245 Y
+ weight Alpha 0.3598992 238 Y
+ know Alpha 0.3606262 200 Y
joanna Alpha 0.3550649 176 Y
+diet Alpha 0.3694043 213 Y
+ egg Alpha 0.3739284 241 Y
+ buy Alpha 0.3863306 220 Y
+ great Alpha 0.3680809 172 Y
+live Alpha 0.3922955 162 Y
+lose Alpha 0.3916902 153 Y
+time Alpha 0.4046275 138 Y
+tip Alpha 0.3997993 124 Y

Bgttrstring: in the Alpha attribute, numeric characters are stored as a string.
by depicts parent term.

Text clustering was then performed on the term frequency
document by successively splitting termsinto mutually exclusive
groups. The process was conducted using the latent semantic
indexing procedure to group terms into higher order semantic
structures[44]. These groupswere constructed based on similar
forms (or words). The latent semantic indexing procedure in
this study used the singular value decomposition (SVD)
algorithm (see Multimedia Appendix 2) to reduce the termsin
Table 2 into a set of manageable clusters. Thus, the
topics'themes are as revedled in Table 3. The results of the
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clustering via SVD on the term frequency document were set
to generate enough SVD dimensions (k) for further analysis.
The greater the number of dimensions (k), the higher the
resolution to the term frequency clustered. In this study, k was
set to 50, which was the default setting in the SAS software.
Thek-dimensional subspace wasthen generated from the cluster
analysis via SVD. The cluster frequency root mean square
standard deviation shown in Table 3 shows that the derived
clustersviaSVD werewell manifested and optimal asthe values
arecloseto 0.
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Table 3. Summary of the text clusters.
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Cluster ID  Cluster description n (%) RMS2SD
Al2 +Plove awesome lol +true joanna ming +diet omg +work malaysia 416 (15.00) 0.103737
A18 +video +love joanna videos soh informative helpful ur +help +watch +channel +weight 369 (13.00) 0.125160
All +food +healthy +meat foods +protein +animal +eat +cheap +vegan +know veggies afford 322 (11.99) 0.127740
A17 +people eggs caged chickens animals understand dont +comment +vegan +bad +stop +chicken 341 (11.99) 0.133414
A13 +fat +budget +buy +low calories expensive +organic water +healthy +want foods 287 (9.99) 0.134404
A25 +good best better first advice +girl +body +smart +fat +gain eating “alot of” 247 (9.00) 0.125705
A15 +great tips +video “great video” +rice “great tips’ brown +tip avesome +white joannalooking 234 (8.01) 0.118946
Al4 +true +malaysian +food malaysia +organic nasi +diet foods mamak lemak +exercise lah 195 (7.00) 0.124926
A19 butter +peanut +story +sugar watching +time coconut +avocado based +small +old +channel 183 (7.00) 0.132021
A22 +weight +lose +workout +week kg lost frozen +fresh +gym veggies +hot +buy 198 (7.00) 0.130526

8RMS: root mean square.
by depicts parent term.

Results

Cluster

This section describes the results of applying text mining
methodsto thetopic of healthy eating in YouTubevideos. Table
3 presentsthe major themes, sometimes called dimensions, that
emerged from the data analysis. There were 10 clusters
identified with regard to food ingredients, food price, food
choice, food portion, well-being, cooking, and culture in the
concept of healthy eating. These clusters are reflected in the
most frequent key terms used by the YouTube commenters.
The key terms were automatically selected on the basis of their
occurrence and co-occurrence. The authors read through the
key terms and sentences extracted from YouTube videos in
order to make sense of the clusters categorized by the software.

Cluster A12: +love awesomelol +truejoanna ming
+diet omg +work malaysia

This cluster is mentioned in 15.00% (698/4654) of comments
related to healthy eating. Many comments were related to the
commenters opinions of YouTube videos in the context of
healthy eating in Malaysia. They expressed their feelings and
gratitude toward the video creators by commenting “love,”
“awesome,” and “thank you for sharing.”

Cluster A18: +video +love joanna videos soh
informative helpful ur +help +watch +channel +weight
In total, 13.00% (605/4654) of comments gleaned from the
YouTube videos contribute to cluster A18. Similar to cluster
A12, people expressed their point of view on the usefulness of
YouTube videos. Key terms were “informative” and “helpful ”
A typical example of this cluster follows:

Thanks so much for thisvideo, it is very informative!

Cluster A11: +food +healthy +meat foods +protein
+animal +eat +cheap +vegan +know veggies afford

This cluster demonstrated that animal rights were mentioned.
People who go vegan tend to want a healthy lifestyle. Others
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believe humans are omnivores, but they are concerned with
animal cruelty during the production process. A representative
comment follows:

Humans are omnivore beings, there’s nothing wrong
or evil with eating meat. The way they are
incarcerated and killed is made the way it is to make
it cheaper and more profitable for the companieswho
produce them. It might not be the kindest way to deal
with living beings, but it does make the process
cheaper, taking food for more people’s tables.

Cluster A17: +people eggs caged chickens animals
under stand don’t +comment +vegan +bad +stop
+chicken

Thiscluster was mentioned in 11.99% (558/4654) of comments
related to healthy eating. A large number of YouTube
commenters buy free-range chicken eggs to support animal
welfare, whereas others cannot afford cage-free eggs as caged
chicken eggs are cheaper. The emphasisis on food price. The
argument of animal rights divided the commenters into two
groups. Some are concerned about animal cruelty inrelation to
caged chickens. Others expressed their understanding of animal
rights but explained that they cannot afford healthy eggs that
are produced by free-range local farms. One of the most
representative sentences under cluster A17 follows:

All 1 hear in the comments is “privilege!” | am a
supporter of cruelty free products and natural
ingredients but we have to be realistic about how the
world works. The poorer you are (at least in the
states) the higher risk you have for being unhealthy
and attracting diseases. There are literally people
who have no access to fresh foods known as “ food
deserts’ and live off of canned and processed food
because of their socioeconomic status.
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Cluster A13:; +fat +budget +buy +low calories
expensive +organic water +healthy +want foods

This cluster is mentioned in 9.99% (465/4654) of YouTube
comments. The commenters|ove the video, and they can relate
to the video personally. Most people agree that we need to eat
organic food. Some said that they cannot afford it. A number
of peoplethink that organic is simply amarketing term used by
industries to make profits.

Yes, organic food is a lot more expensive and not
affordable for everyone. If you like buying organic
food and your opinion is that it is better then you
should. Just know that it is not more nutritious; the
taste is 100% objective; depending on where you get
your organic food fromit may not be sustainable and
may use chemicals you don't normally think of as
organic; you are also paying about 30% more for no
reason other then the fact they put an organic sticker
onit.

Cluster A25: +good best better first advice+girl +body
+smart +fat +gain eating “a lot of”

This cluster dealswith people's perception of YouTube videos,
which are “good,” “better,” and “smart.”

Cluster A15: +great tips+video “great video” +rice
“great tips’ brown +tip awesome +white joanna
looking

A number of comments contained the commenters' opinions
of YouTube videos and video contents. Asshown in thiscluster,
the key terms are “great” and “great tips.” People expressed
their gratitude for the method of mixing brown rice and white
rice, as suggested by YouTube creator Joanna. Many people
support cooking and preparing meals at home. Some said that
fast food is cheaper than homemade meals.

This white rice/brown rice mix tip is awesome!!
Making homemade energy barsisa great option. You
know precisely what went in it.

Cluster A14: +true +malaysian +food malaysia
+organic nas +diet foods mamak lemak +exerciselah

This cluster deals with the perceptions of Malaysian food in
terms of healthy eating. Fat, sugar, and oils are most frequently
mentioned in the YouTube comments. People believe that
Malaysian food is high in calories and carbohydrates. People
associated sugar with Malaysian food as well. In addition, it is
tough to diet in Malaysia. Mamak (comfort food) restaurants
are open 24/7, making it hard to resist Malaysian food. In other
words, the cultural factor becomes a barrier to healthy eating
in Malaysia. A typica comment follows:

Woww im so proud =))) I’'m trying to follow your
vidoes to eat healthier and to get up and exercise...
You know how hard it is being a Malaysian because
we love food so much ;)

https://publichealth.jmir.org/2020/4/€19618
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Cluster A19: butter +peanut +story +sugar watching
+time coconut +avocado based +small +old +channel

In this cluster, people associated healthy eating with food
choices. Similar to a previous study [14], fruits are the most
commonly mentioned healthy food. Key terms are coconut and
avocado. An example follows:

| eat an avocado maybe one time a week as a meal
with a piece of toast and an egg. | think avocados are
great, just a once in a while thing tho.

Cluster A22: +weight +lose +wor kout +week kg lost
frozen +fresh +gym veggies +hot +buy

This cluster illustrates the relationship between healthy eating
and weight management. Commenters expressed their points
of view on the challenges and barriers to healthy eating. The
focus is that Malaysians find it very hard to eat on a diet;
therefore, it isdifficult to experience weight loss. Reasons such
asdeliciousfood choicesareincluded. Exercising does not keep
the body in shape as people go to Mamak restaurants after their
workout. An example of a cluster A22 comment follows:

Before| cameto malaysia, | did my diet asusual, but
when i'm in malaysia | totally ruin my diet. Can’t
resist mee goreng mamak and many malaysian foods.
This cluster also deals with food-storing methods. People
express their views on frozen vegetables and fresh vegetables.
A lot of people believe that frozen vegetables contain more
nutrients than fresh vegetables. A typical comment follows:

Nutrients may be lost if frozen vegetables are slowly
defrosted. i have always been told by nutritionists
that frozen is healthier than fresh.

A significant degree of convergence was found between the
different clusters. This suggests that YouTube comments are
likely to fall into more than one category. For example, food
price was mentioned in clusters A11 and A13. Cultural factors
were discussed in clusters A12 and A14. Food choices and
ingredients related to healthy eating were included in clusters
A11,A17,and A19. Ingeneral, the key termsrelated to sel ected
YouTube videos contained positive sentiments such as “good”
(mentioned 326 times), “great” (257 times), “love” (423 times),
and “keep up with the good work” (19 times). Attitudes toward
healthy eating are generally positive, as these clustersindicate.
These results showed that research question 2 with regard to
interpreting the sentiments of healthy eating comments has been
addressed.

Based on Table 3, each cluster was manifested inside the derived
subspace (see the root mean square standard deviation); 7
clusters were plotted on a Cartesian coordinate system, and 3
clusters (A12, A18, and A25) mainly related to the usefulness
and favorability of videos were not considered for further
analysis. In this Cartesian coordinate system, the distance
between the clusters was the space generated during the SVD
procedure. Clusterswith shorter distances between them depict
closer relationships within their semantic structures and vice
versa. The results of the factor analysis showed that the data
were appropriate for this study, given the Kaiser-Meyer-Olkin
measure of sampling adequacy value of .879 [45]. A Bartlett
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test of sphericity was significant (P<.001). Principal component
analysisrevealed that one factor was extracted and it accounted
for 60.749% of the total variance. The Cronbach alpha value
for the 7 items was .878, indicating a satisfactory level of
reliability [46]. The t values in the results indicate that the
critical ratios for the parameter estimates were significant at a
.05 level. This result shows that convergent validity and the
unidimensiondlity of each item met the satisfactory requirements
[47]. Several model fit measures were employed to assess the
model’s overall goodness of fit. The results in Table 4 showed
an adequate moddl fit, indicating that the model was acceptable
[45].

Table 4. Goodness-of-fit indices.

Teng et a

Subsequently, the confirmatory factor analysis test was
conducted on the clusters to examine the relationships of the
clusters derived from the unstructured data pertaining to healthy
eating. The measurement model was used to test the validity
and reliability of the healthy eating determinants in this study.
Confirmatory factor analysiswas performed using SPSS Amos
version 20 for Windows (IBM Corporation), and the results are
shown in Figure 1, indicating that all of the healthy eating
determinants have positive relationships with healthy eating.
Table 5 summarizes the associations of the determinantsin the
measurement model.

SEM?@indicators Criteria Resuilts
Chi-square — 13.395
Chi-square/degree of freedom ratio <2 0.957
P value >.05 496
GFIP >0.9 0.926
CFI® >0.9 1.000
NFI >0.9 0.933
RMR® closeto 0 0.000
RMSEA' <0.08 0.000

8SEM: structural equation modeling.

bGFI: goodness-of -fit index.

CCFI: comparative fit index.

INFI: normed fit index.

®RMR: root mean square residual.

'RMSEA: root mean square error of approximation.
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Figure 1. Confirmatory factor analysis results on healthy eating.
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Table 5. Summary of the structural equation modeling results.
Path Estimate SE2 CRP P value
A11<---Hedlthy eating 1.000 — — —
A17<---Hedlthy eating 0.926 0.144 6.443 <.001
A13<---Hedlthy eating 0.864 0.135 6.388 <.001
A15<---Healthy eating 0.763 0.191 3.987 <.001
Al4<---Hedlthy eating 0.920 0.177 5.201 <.001
A19<---Healthy eating 0.772 0.160 4.828 <.001
A22<---Healthy eating 0.728 0.177 4.120 <.001

8SE: standard error.
bCR: critical ratio.

Discussion

Principal Findings

Thisstudy isone of thefirst attemptsto identify the perceptions
of healthy eating by analyzing alarge corpus of data extracted
from YouTube videos. Using content and sentiment analysis
assisted by text analytics software, this study uncovered thematic
clusters that indicate how people interpret healthy eating and
what their eating behaviors are. Food choice, food price, cooking
method, cultural influence, and weight management are
identified as semantic clusters. A principal finding of this study

https://publichealth.jmir.org/2020/4/€19618

RenderX

is that people hold complex and multifaceted beliefs about
healthy eating in the context of YouTube videos. As suggested
by Bisogni and colleagues|[7], aset of beliefsmay not bejudged
as correct or incorrect according to the scientists’ standards.
People also have different interests in the context of healthy
eating, and they vary in their ways of dealing with changing
information.

The concept of healthy eating isfairly consistent with the other
studies’ findings. That is, healthy eating is aways described in
terms of foods, namely fruits and vegetables (clusters A19 and
A22). It seems that fruits and vegetables are the epitome of
healthy foods. Healthy eating is regarded as eating more fruits
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and vegetables, having abalanced diet, and consuming avariety
of foods. People should limit their intake of high-caloric foods
and avoid processed food [6]. Despite similarities with the
previous studies, this study found that commenters are less
likely to describe healthy eating directly, such as through
nutrition. One possible explanation can be related to the nature
of commenting on YouTube videos. The video creators mention
specific food, and the viewers immediate reaction would be to
the food itself; hence the comments are intuitively related to
the food mentioned in the videos.

This study has meaningfully categorized the determinants of
healthy eating from both individual and collective aspects. A
particularly interesting and potentially important insight from
thisstudy isthat people’s perceptions of healthy eating comprise
social, economic, and physical well-being and moral factors
(clusters A17 and A22). Free-range chicken eggs and caged
chicken eggs are the most mentioned key termsin cluster A17.
Animals deserve to live their lives free from suffering and
exploitation. People who support animal rights buy free-range
eggs. However, socioeconomically disadvantaged people can
afford caged eggs only. As also seen in the study by Lu and
Gursoy [8], thefinancial restriction factor lessensan individua’s
control over conducting agiven behavior. In other words, despite
a favorable perception of hedthy eating, people may not
purchase commonly recognized healthy food for a premium
price. The study resultsindicated that food price asan economic
determinant influences people’s perceptions of healthy eating.
More negative sentiments are expressed about healthy food
prices. Weight concerns are associated with healthy eating. It
is not surprising to see that people understand the importance
of healthy eating with regard to physical well-being. This study
hasillustrated the priority of healthy eating as being related to
the benefits of this behavior, such as weight loss, better
appearance, and improved quality of life. Another key
determinant identified in this study isthe environmental factor.
Studies have revea ed that food service menu plans and the food
available on campus, in addition to food stores and restaurants,
contributeto ahealthy lifestyle[13]. The physical environment,
including home, school, and fast food establishments, plays an
important part in influencing young peopl€e’s eating behaviors
[11]. Our study bears a close resemblance to these two studies.
Thekey termsfrom cluster A15 indicated that people associated
homemade food with healthy food. College students tend to
prepare their food, and they avoid fast food sold on campus.
One cultural factor wasidentified in this study. Consistent with
the study findings of Bisogni et a [7], resources and
environment prevented people from eating healthily. The study
identified the reasons why Malaysians cannot always act on
eating healthily, such as food taste, variety, and availability. In
addition, the structural equation modeling results provided
valuableinsightsinto understanding the determinantsthat affect
healthy eating practices.

Implications

This study contributes to the understanding of healthy eating
behavior by examining alarge volume of online data obtained
from YouTube videos and fills the gap in previous research
regarding healthy eating in the context of social media. It
provides acomprehensive picture of healthy eating. The halistic
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view includesthe perceptions, determinant factors, and benefits
and barriers to healthy eating. This study highlights the fit of
using content analysis while analyzing healthy eating-related
YouTube video comments. Quantitative approaches are
restricted to measuring aspects, like popularity [18]. This
qualitative approach allows researchers to have an in-depth
understanding of how people interpret and disseminate
information regarding healthy eating. In addition, YouTube
video comments are generally genuine personal reactions made
by the commenters. Compared with the socially desirable
answers obtained from surveys/focus groups, this social media
data produces theoretically and empirically sound results [48].
Moreover, in comparison with the traditional sample size and
response rate, this study offers significant value to the existing
literature of health-related studies by investigating the rich and
diverse socia media data gathered from YouTube. This study
sheds light on the understanding of the underlying social
structure and dynamicsin the context of healthy eating. People
from socioeconomicaly affluent communities have the
availability of heathy food from local farms. Some people
choose to buy caged chicken eggs even though they know that
it ismorally wrong. This study offers a detailed picture of the
impact of social and economic factors on healthy eating.

This study may assist public health professionals in making
effective public health campaigns. Transcending geographical
and regulatory boundaries, theinternet providesthe public with
asource of reference material [23,49,50]. This study found that
the distinction between experience and expertiseis blurred with
regard to healthy eating comments. Therefore, it isimperative
for headth professionals to use socia media platforms to
disseminate accurate and credible health information to lay
audiences. In other words, public health professionals work on
posting and replying to conversations when appropriate through
comments and sharing materials with members of the social
media community. Moreover, the salient findings of this study
can provide nutrition educators and health professionals with
meaningful and useful ideas. These professionals are advised
to deliver nutrition information on cal ories, macronutrients (fat,
protein, and carbohydrate), and micronutrients (vitamins and
minerals) to the public in a concise manner. Public health
campaigns could be employed to promote healthy eating by
establishing appropriate interventions tailored to the targeted
audience. For instance, providing affordable and appealing
healthy food in schools may serve to increase the students
willingness to eat healthily. Sustainable diets may be an
alternative to promoting public health with various governmental
and social support.

Limitation and Future Studies

Some study limitations should be noted. The sample of YouTube
videoswas sel ected based on relevance and the number of views
and comments. The authors conducted informal searches for
videos related to healthy eating during the sampling; however,
using limited key phrases when searching does not guarantee
a complete and representative sample of YouTube videos.
Further investigation using more videos and comments may
revea new findings related to healthy eating.
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The study context of healthy eating in Malaysia is another
limitation. Examining the comments from other cultureswould
increase the generalizability of the study. The sampling bias of
YouTube video comments cannot be avoided asthese comments
are broad but less focused. In addition, it may be beneficial if
future studies made a comparison of online data from different
social media platforms regarding similar topics. With the help
of text analytics software, the study identified several thematic
clusters. The authors selected each category after screening the
corpus of the data. Such a classification can ignore some of the
significant variations within each cluster. Future research is
encouraged to study more comments in order to explore new
categories and subcategories of healthy eating. This study did
not examine the number of likes, which is an important
parameter, leaving space for future research. The authors
consider this study and concurrent research as a first step to
understanding the perceptions of healthy eating, not as the end
of the discussion.
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Abstract

Background: Infodemiology is an emerging field of research that utilizes user-generated health-related content, such as that
found in socia media, to help improve public health. Twitter has become an important venue for studying emerging patternsin
health issues such as substance use because it can reflect trends in real-time and display messages generated directly by users,
giving a uniquely personal voice to analyses. Over the past year, several states in the United States have passed legislation to
legalize adult recreational use of cannabis and the federal government in Canada has done the same. There are few studies that
examine the sentiment and content of tweets about cannabis since the recent legisl ative changes regarding cannabis have occurred
in North America.

Objective: Toexaminedifferencesin the sentiment and content of cannabis-rel ated tweets by state cannabislaws, and to examine
differencesin sentiment between the United States and Canada between 2017 and 2019.

Methods: Intotal, 1,200,127 cannabis-related tweets were collected from January 1, 2017, to June 17, 2019, using the Twitter
application programming interface. Tweets then were grouped geographically based on cannabis legal status (legal for adult
recreational use, legal for medical use, and no legal use) in the locations from which the tweets came. Sentiment scoring for the
tweets was done with VADER (Valence Aware Dictionary and sEntiment Reasoner), and differencesin sentiment for states with
different cannabislawsweretested using Tukey adjusted two-sided pairwise comparisons. Topic analysisto determine the content
of tweets was done using latent Dirichlet allocation in Python, using a Javaimplementation, LdaMallet, with Gensim wrapper.

Results:  Significant differences were seen in tweet sentiment between US states with different cannabis laws (P=.001 for
negative sentiment tweetsin fully illegal compared to legal for adult recreational use states), as well as between the United States
and Canada (P=.003 for positive sentiment and P=.001 for negative sentiment). I n both cases, restrictive state policy environments
(eg, those where cannabis use isfully illegal, or legal for medical use only) were associated with more negative tweet sentiment
than less restrictive policy environments (eg, where cannabis is legal for adult recreational use). Six key topics were found in
recent US tweet contents: fun and recreation (keywords, eg, love, life, high); daily life (today, start, live); transactions (buy, sell,
money); places of use (room, car, house); medical use and cannabis industry (business, industry, company); and legalization
(legalize, police, tax). The keywords representing content of tweets also differed between the United States and Canada.

Conclusions:  Knowledge about how cannabis is being discussed online, and geographic differences that exist in these
conversations may help to inform public health planning and prevention efforts. Public health education about how to use cannabis
inwaysthat promote safety and minimize harmsmay be especially important in placeswhere cannabisislegal for adult recreational
and medical use.

(JMIR Public Health Surveill 2020;6(4):€18540) doi:10.2196/18540
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Introduction

Social media platforms represent an important venue for
studying emerging patterns in public health issues such as
substance use because they can reflect trends in real time and
display messages generated directly by users, giving auniquely
personal voice to analyses. This method of using social datato
improve our understanding of public heath is known as
Infodemiology [1]. Twitter isawidely used socia networking
platform where users share messages in 280-character tweets
(or 140-character tweets before October 2017), offering arich
venue for investigating public sentiment.

One of the main approaches to analyze unstructured text data
from Twitter is sentiment of the tweets[2,3]. Sentiment analysis
can determine whether an individual’s attitude or perception
toward atopic is positive, negative, or neutral. A second popular
method of analyzing tweets is topic modeling, which refersto
a technique that discovers the hidden semantic structure in a
text corpus. Topic modeling can be particularly helpful in
providing insights into the different themes present in the texts
[4,5]. By applying these methods, emerging research has used
Twitter datafor public health surveillance including monitoring
symptomsof depression [6], psychological distress[7], influenza
transmission [8], lifestyle behaviors[9], and substance use trends
[10,11].

Twitter data can be especially useful in highlighting emergent
areas of concern in substance use research that are not detectable
from other sources, and past studies have uncovered critical
issues, for example, related to the use of Adderall by adolescents
[10], procannabis content being disproportionately created and
consumed by young minorities[12,13], and geographic variation
in discussions about cannabis concentrate (dabs) [14]. Prior
research in this area has begun to characterize the sentiment of
cannabis-related tweets both manualy [15,16] and using
advanced information processing techniques [17]. Sentiment
toward cannabis online has been characterized as dominantly
procannabis, and this is especialy the case in personal
communications, which make up the strong majority of tweets
about cannabis[17]. Asthe policy landscape rel ated to cannabis
israpidly changing, so too may attitudestoward cannabisonline,
but thisis currently unknown.

Several states in the United States have passed legislation to
legalize adult recreational use of cannabis (eg, Colorado,
Washington, California) and the federal government in Canada
has done the same [18,19]. These legidative changes may be
both reflecting and impacting public sentiment about cannabis
use. For example, statesthat have less restrictive policies about
cannabis use have historically been found to have a higher
volume of cannabis-related tweets [14,20] and the volume of
procannabis tweets has previously been found to increase
postlegalization. Further, tweets from stateswith lessrestrictive
policies are more positive and vary according to thelocal social
and demographic trends [21]. Using 2016 data, Daniulaityte
and colleagues [20] compared sentiment toward cannabis in
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tweets by legality of cannabis at the state level and found
statistically significant differences in the ratio of positive to
negative tweets. States with recreational laws had a mean ratio
of 4.64 (favoring procannabis tweets) and states where all
consumption of cannabis was illegal had aratio of 4.19 [20].
Similarly, positive sentiment in tweets about rosin (a cannabis
concentrate) is up to 16 times higher in states allowing adult
recreational use of cannabis compared with states where
cannabisisillegal [22]. In the 3 years since the last sentiment
analysis, the policy environment surrounding cannabis has
changed dramatically and it is possible that users of Twitter
have changed the way they talk about cannabis online as well;
however, thisis currently unknown.

Previous content analysis has indicated that themes among
procannabis adolescent Twitter users included intent to use or
craving; frequent, heavy, or regular use; health benefits and
prolegalization; sex/romance; attractiveness or friendships; and
current use [15]. A study of influential tweets (ie, tweets with
a high number of re-tweets) about both alcohol and cannabis
found that common themesincluded using marijuanaor alcohol
with friends, sex/romance, and tobacco or other drugs [11].
However, these content analyses had samples restricted to
influential Twitter usersand adolescents[12,13,15,23]. Another
recent study of tweets from amore general sample captured 12
topicsin cannabis-related tweets and also found polysubstance
use to be arecurring topic, in addition to topics such as using
cannabis, health and medical, cannabis industry, and legality
(among others) [24].

Given that the way both governments and the general public
are interacting with cannabis is rapidly changing in North
America, and that Twitter data have been shown to illustrate
trendsin real time, it istimely to conduct an updated analysis
of the sentiment and content of tweets about cannabis. The
objectives of this study are, therefore, to examine differences
in the sentiment and content of cannabis-related tweets by state
cannabis laws and between the United States and Canada. To
our knowledge, thisisthe first analysis that includes Canadian
dataand thefirst analysisto be conducted with data up to 2019.

Methods

Data Collection and Cleaning

Tweets were collected from January 1, 2017, to June 17, 2019,
using the Twitter Realtime Filter application programming
interface (API) and a standard access token [25]. Tweets were
streamed using a location box of the following longitude and
latitude (—162.354635, 18.756125, —53.755999, 73.893030).
We captured 576 million tweets. Twitter API used in this study
captures arandom sample of about 1% of all tweetsin Canada
and the United States in the designated period. University
institutional review board approval was not required asthe data
set was limited to publicly available tweets. These tweets were
storedin“.csv” filesand resampled using custom Python script
with Pandas library. Each tweet has 3 nonmandatory attributes
to determine location by state or province: tweetlocation (an
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identifiable address indicating the rough location from where
the tweet was sent), and 2 geo coordinate attributes, namely,
Longitude and Latitude. Because our research questions are
fundamentally concerned with place-based | egislation changes,
we retained only tweets with location data in our data set.
Tweetsthat that were linked with location attributes were |abeled
using a custom-built dictionary that maps the location strings
to the 2-letter state or province abbreviations. Tweets with
geocoordinates only were labeled with reverse geocode |ookup
using Google Maps API.

In the US data set, 50 states and 1 federal district (District of
Columbia) were grouped based on cannabis legal status [26].
These 3 groups include (1) Fully illegal states for both adult
recreational and medical use (n=12; Alaska, Indiana, lowa,
Kansas, Kentucky, Missouri, North Carolina, Nevada, South
Carolina, South Dakota, Tennessee, Wyoming); (2) legal for
medical use only (n=30; Arkansas, Arizona, California[up to
January 1, 2018], Connecticut, Delaware, Florida, Georgia,
Hawaii, Idaho, Illinois, Louisiana, Maryland, Michigan [up to
December 5, 2018], Minnesota, Mississippi, Montana, Nebraska,
New Hampshire, New Jersey, New Mexico, New York, Ohio,
Oklahoma, Pennsylvania, Rhode Island, Texas, Utah, Virginia,
Vermont [up to June 30, 2018], West Virginia); and (3) lega
for both adult recreational and medical use (n=11; Alabama,
Cdlifornia [starting January 1, 2018], Colorado, District of
Columbia, Massachusetts, Maine, Michigan [starting December
6, 2018], Vermont [starting July 1, 2018], North Dakota,
Oregon, Washington). Three US states (Michigan, California,
and Vermont) changed their cannabis regulatory policy during
the data collection period and thus tweets from these 3 states
were grouped into different categories depending on whether
they were posted prelegalization or postlegalization.

Because Canada had no legal differences across provinces in
cannabis law and only minor regulatory differences, variation
in tweets across Canada by provincial legal status was not
examined. Nationally, cannabis became legal for medical use
in Canada in 2001 (with the Marihuana for Medical Purposes
Regulations) and became lega for adult recreationa
consumption on October 17, 2018 with the passage of Bill C-45:
Cannabis Act in June 2018 [18].

Classifying Marijuana Related Tweets

Tweets were classified as being cannabis-related using a set of
keywords based on the method used by othersin the field [27].
We trandated the following search queries and conditions into
regular expressions. “Weed,” “marijuana,” “cannabis,” “smoke
AND (pot OR joint OR blunt OR mary jane),” “need AND (pot
ORjoint OR blunt),” “want AND (pot OR ablunt),” and “want
AND ajoint.” Furthermore, for querieswith 2 search terms, the
termswere required to be within 3 words of each other, asdone
inrelated studies[27]. Intotal, 1,200,127 tweetswere classified
ascannabisreated: 1,149,137 from the United Statesand 50,990
from Canada

Classifying Sentiment
Sentiment scoring for the tweets was done with VADER

(Valence Aware Dictionary and sEntiment Reasoner) Sentiment,
a lexicon and rule-based sentiment analysis tool [3]. VADER
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analysis uses a predefined dictionary that maps on different
words and lexicon features, acronyms, and slang to determine
the positive or negative sentiment of a tweet [28]. Sentiment
valence score increases with words with more positive sentiment
(eg, happy, nice, good). The tweets were parsed through the
VADER sentiment analysis to check for the words, emoticons,
and slang that are present in the lexicon. VADER aso gave
importance to capital letters and exclamation marks. VADER
calculated the proportion of positive, neutral, and negative
sentiment scores for a tweet. A compound score was then
calculated by summing the sentiment scores and normalizing
the result. Sentiment scores can range between —1 (negative
sentiment) and 1 (positive sentiment). Scores between —0.05
and 0.05 were considered neutral. Normalization was performed

using the following formula: z/V(z%+r), where z is the value
created after adding the valence scores of atweet, and r is a
normalization constant which is taken as 15 by default. The
code for our analysis was made available online [29].
Classifying tweets associated with substance use using
automated methods can be particularly difficult due to the use
of slang and implied meanings [17]. A tweet’s sentiment does
not necessarily reflect the Twitter user’s stance on cannabis
usage; it instead reflects the emotionality in their words used
to communicate about cannabis, thus positive sentiment is not
the same as a procannabis opinion, and likewise, negative
sentiment is not analogous with an anticannabis perspective.
The null hypotheses of no difference in proportions between
groups of states defined by legal status and between the United
States and Canada were tested with two-sided pairwise
comparisons using Stata version 14.0 (StataCorp). Multiple
comparisons were adjusted for using the Tukey method [30].

Topic Modeling

Topic anaysis to determine the content of tweets was done
using latent Dirichlet allocation (LDA) in Python, using a Java
implementation, LdaMallet, with Gensim wrapper [31]. LDA
isan unsupervised probabilistic model which generates mixtures
of topics from a corpus of text. A topic is a probability
distribution over every word found in the corpus. LDA works
by looking at the word co-occurrences within the corpus of text,
assuming that words that occur in the same corpus of text are
more likely to be on the sametopic than wordsthat are not [32].
The UMass coherence matrices were used to measure topic
coherence. A previous study has shown that this method
achieved reasonabl e results when comparing the scores obtained
by this measure with human scoring on a corpus of 300,000
health journal abstracts [4]. The model with the highest
coherence score was chosen for analysis. We then used human
judgment to validate the topicsidentified. The use of ahuman’s
perception has been previously used along with statistical
methods to evaluate topic models using Twitter [33,34].
Specifically, we performed word and topic intrusion tasks. Word
intrusion alows the analyst to measure how semantically
cohesive the topics inferred by a model are and tests whether
topics correspond to natural groupings for humans. Topic
intrusion enabled the human subject to evaluate how well a
topic model in a document as a mixture of topics agrees with
human associations of topics with a document [33]. LDA
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analyseswere conducted separately for the US and Canadadata
sets. It ispossiblethat asingle tweet can contain multipletopics.

Results

Overall, most tweets were of positive sentiment (39.39%
[472,746/1,200,127]) and proportions of neutral (34.50%
[414,006/1,200,127]) and negative sentiment tweetswere lower
(26.11% [313,357/1,200,127]) in al data sets. Examples of
tweets that were recorded in the positive sentiment category
include “I love being from the Westside. Cooler weather and

van Draanen et al

better Weed,” and “Weed is just so great. And food is so great.
And music is great. You're al great. Everything's great lol.”
While negative sentiment tweets included, for example, “1 hate
thesmell of weed. Hateit. Hateit. Hateit. Hate it. Hateit. Hate
it. Hate it. Hate it. Hate it. Hate it. Hate it. Hate it. Ha...” and
“The marijuana prohibition has created more crimethan a cohol
prohibition did and is a bad idea” Neutral sentiment tweets
included, for example, “who would wanna smoke more weed
to get less out of it...” and “ Smoke this blunt then I'm sleep.”
Figure 1 depictsthe proportion of positive, negative, and neutral
sentiment tweets in Canada and the United States.

Figure 1. Sentiment of Cannabis-Related Tweets in the United States and Canada, 2017-2019.

Sentiment of Cannabis-Related Tweets in the United States and Canada, 2017-2019
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As can be seen in Table 1, the Canadian data set had a higher
proportion of positive sentiment tweets than the United States
data set overall (43.56% [22,210/37,050,924] vs 39.62%
[325,699/587,058,027]; P=.003) and a lower proportion of
negative tweets (21.90% [11,169/37,050,924] vs 26.99%
[221,876/587,058,027]; P=.001). Differences are apparent in
the proportion of negative sentiment tweets from states with
adult recreational and medical, medical use only, and no legal

https://publichealth.jmir.org/2020/4/€18540

RenderX

cannabis use policies (Table 1). The proportion of negative
tweetswas |lower in states where adult recreational usewaslegal
(25.22% [56,601/143,784,107]) than states where cannabis is
illegal to consume (26.50% [23,711/98,092,868]; P<.001).
States with more restrictive laws regarding cannabis use also
had a smaller proportion of tweets that were cannabis related.
See Table 1 for a summary of the sentiment analysis. See
Multimedia Appendix 1 for full data analysis.
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Table 1. Sentiment of cannabis-related tweets in the United States and Canada, January 2017-2019.

Tweet sentiment Canada Pairwisecompari- US States Recreational  US States Medical US Stateslllegal to  Pairwise compari-
(N=37,050,924), P P-values and medical Use (1) Useonly (2) consume (3) son, P-val ues
n (%) (N=143,784,107),n (%) (N=587,058,027), (N=98,092,868),n (Tukey adjusted)
n (%) (%)
Cannabisrelated 50,990 (0.14) CanadavsUnited 224,462 (0.16) 821,970 (0.14) 89,482 (0.09) 1vs2: <0013
tweets States: .375
2vs3: <0012
1vs3: <.0012
Positivesenti- 22,210 (43.56)  CanadavsUnited 90,331 (40.24) 325,699 (39.62) 34,524 (38.58) 1vs2:.630
ment tweets States: .003% 2vs3: 367
1vs3:.151
Negative senti- 11,169 (21.90)  CanadavsUnited 56,601 (25.22) 221,876 (26.99) 23,711 (26.50) 1vs2: .59
ment tweets States: .001* 2vs3: <0012
1vs3: <.0012
Neutral senti- 17,611 (34.54)  CanadavsUnited 77,530 (34.54) 287,618(34.99) 31,247 (34.92) 1vs2:>.99
ment tweets States: .887 2vs 3 .218
1vs3:.320

astatistical significance at the .05 level of significance.

Content analysiswas done separately for tweetsfrom the United
States and Canada, to allow for detection of country-specific
themes. In the US data set, Topic 1 contained tweets about the
author having fun and getting high. Example tweets include
“1’m glad we've gotten closer over thelast year, | love smoking
pot and talking shit with you in between shows’ and “I love
just smoking ablunt with nick and we can talk about anything.”
Topic 2 was similar but distinct and contained tweets about
living life and smoking cannabis and frequently included words
such as smoke, people, make, today, live, start, day, and happy.
Example tweets from Topic 2 include “Keep your head high
and your joint higher” and “1 live in Colorado and I'm artsy so
| have like...an ounce of weed in my bag.” Topic 3 contained
tweets related to transactions and also contained aracial slur as
a keyword that came up frequently in posts that fell into this
category. Exampletweetsinclude “ Need to go buy bud to knock
the fuck out,” and “You know the struggle when you can’t
decide whether to spend money on weed or make up.” Topic 4
related to the placesthat peopl e use cannabis and the associated
scent. Example tweets include “My car doesn’'t smell like pot
anymore,” and “ That moment when your dad follows you into
your room and smells something funky but doesrealizeit'sjust
weed.” Topic 5 contained tweets related to medical use and the
cannabis industry with keywords such as medical, grow,
business, industry, dispensary, company, health, and medicine.
Exampletweetsinclude “What are your thoughts on the medical
marijuanabusiness (or recreational)? Worth investing?” and “If
you're looking for work in a growth industry, marijuana is
booming.” Lastly, Topic 6 was about legalization and
criminalization. Example tweets include “As CA business we

https://publichealth.jmir.org/2020/4/€18540

fought to end civil rights disaster of arresting marijuana users.
Will your medical cannabis policy be guided by science or
disproven statements?’ and “For so long government wanted
to criminalize marijuana but now they're just trying to make
sure they're on the winnin if end of legalization.” See Table 2
for alist of thetopic areasin the US data set and their frequency
by state legal grouping.

Content analysis was also performed on the Canadian data set
and similar topics were found with some dight differences
(Table 3). Notably, themes related to everyday life and
fun/recreation were present in asingletopic areain the Canadian
data set. Example tweets include “The summer will be well
deserved. | plan on being intoxicated by alcohol or cannabis
90% of thetime” and “As| wake n bakel'd liketo acknowledge
Mary Marijuana who has been amazing to me over many
decades” Topics related to medica use and the cannabis
industry were 2 distinct themes. Example medical use tweets
include* Fibromyalgia Targeted in AP-CBD/THC Therapy Now
Undergoing Phase 1 Clinical Tria” and “Canada's largest
pharmacy chain says its own employees would be covered for
medical marijuana prescriptions” Example cannabis industry
tweets include “Canadian cannabis industry raises $700M in
six months” and “Recalls force medical marijuana industry to
step up quality testing threatening the pot industry to enforce
federal laws to ban growing and selling marijuana” The
Canadian tweets contained frequent references to geographic
placesincluding citiesand provinces. Finally, the Canadian data
set contained minimal racial slurs in the topic about personal
transactions, even after we tested specifically for the presence
of this clustering of words.
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Table 2. Topicsin cannabis-related tweets by state legal category groupings, United States, January 2017-2019.

Topics Theme keywords Proportion of tweets in Theme?
US States US States USStates1l-  Overal %
Recreational Medical use legal to con- B b
and medical  only % sume % (N=L15919
0,
use % (N=821970)° (N=89,482)"
(N=224,462)°
1. Fun and recreation Smoke, weed, blunt, fuck, lol people, love, life, 26.25 31.24 33.20 30.21
day, high
2. Daily life Weed, smoke, people, make, today, live, pot, start, 24.07 24.21 23.64 24.00
day, happy
3. Transactions Weed, buy, money, sell, shop, spend, store, make, 11.52 11.77 13.00 12.13
deal, [racial slur]
4, Places of use Weed, smell, car, smoke, room, mom, walk, house, 11.81 12.31 12.53 12.23
marijuana, straight
5. Medical use/Cannabisindustry  Marijuana, cannabis, medical, grow, business, in-  16.01 9.90 7.31 10.99
dustry, dispensary, company, health, medicine
6. Legalization Marijuana, legal, legalize, state, cannabis, illegal, 10.34 10.56 10.32 10.44

police, tax, legalization, arrest

#There are no n values supplied for the content analysis as tweets may have multiple topics.

BThe N value corresponds to total cannabis-related tweets.

Table 3. Topicsfound in content analysis for cannabis-related tweets by state legal category groupings, Canada, January 2017-2019 (N=50,990).

Topics Theme keywords Proportion of
tweets in theme,
% a

1. Everyday life, Fun, Recreational use  Weed, smoke, people, day, today, fuck, high, love, acohal, start 12.60

2. Cannabis industry Cannabis, grow, marijuana, industry, market, company, sales, business, book, support  27.33

3. Transactions Weed, sell, buy, marijuana, store, cannabis, Canada, order, money, Ontario 9.06

4, Places of use Weed, smell, marijuana, smoke, time, make, Toronto, bad, walk, call 24.84

5. Medical use

6. Legalization
government

Cannabis, medical, marijuana, health, dispensary, tax, dispensaries, medicine, pharma  6.68

Marijuana, cannabis, legal, legalize, legalization, Canada, cdnpoli, police, justintrudeau, 19.49

#There are no n values supplied for the content analysis as tweets may have multiple topics.

Discussion

Summary of Findings

Our study presents novel findings from a recent sentiment and
content analysisof Twitter data, and isthefirst study to compare
trends in online discussions about cannabis in Canada and the
United States. Our analysis of cannabis-related tweets from
January 2017 to 2019 found differences in the sentiment and
content of tweets from states with adult recreational, medical,
and no legal cannabis use policies, and Canada. States with
more restrictive laws regarding cannabis use had both asmaller
proportion of tweets that were cannabis-related and a higher
proportion of tweets that had a negative sentiment than those
with less restrictive laws. The US tweets overall contained a
higher proportion of negative tweets and alower proportion of
positive tweets than tweetsfrom Canada. Thismay beindicative
of changes in public opinion, becoming more positive after
legalization of cannabis, or it may simply be that people are

https://publichealth.jmir.org/2020/4/€18540

more comfortable sharing positive opinions and emotions in
public, online forums when there are no potential legal
ramifications for their actions.

The content analysis done on the US data set revealed some
similar themesto previous content analyses such as current use
and legalization, transactions, medical use, and the cannabis
industry [13,24]; however, our analysis also presented new
themes not uncovered in previous content analyses including
the topics about the scent of cannabis and places that people
use, and medical use and the cannabis industry. Our analysis
did not detect several of the themesthat other authors did, such
as romance, tobacco, and friendship [15] or processed product
use, cannabidiol and hemp use, and polysubstance use [24].
Thiscould be because previous content analyses were conducted
primarily with influential Twitter users, with adolescent users,
and not with all available tweets [12,13,15,23] or because of a
more expansive time frame and fewer geographic restrictions
than other studies [24].
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In the United States, tweets in Topic 5 (medical use and the
cannabis industry) appear to be more common in states that
have legalized cannabis for adult recreational use, possibly
because these states have regulated environments for purchase
and consumption of cannabis, and Twitter usersin these places
have more interaction with the cannabis industry. Similarly,
Topic 3 (personal transactions) was more frequently found
coming from Twitter usersin states where all cannabis use was
illegal, likely stemming from the need to buy and sell cannabis
in an underground market, consisting of individual transactions.

In the Canadian data set, similar topics were found with some
dight differences. Topicsrelated to medical use and the cannabis
industry were 2 distinct themesin Canada, likely because adult
recreational use was legalized in the study period and the
regulatory environment separated medical and adult recreational
use (both being or becoming legal, but sold and regulated in
different ways).

Legalization was also discussed differently in the 2 data sets.
The Canadian discussions of legalization were more politicized
with terms such as justintrudeau and canpoli coming up
frequently, whereas the US legalization theme included the
words police and arrest. These differences may reflect cannabis
legalization being anational political issuein Canada, asit was
tied to party platforms in the 2015 federal election cycle and
became a major campaign promise of the Liberal government.
These differences may also reflect the persistent enforcement
of low-level drug offencesin the United States and the rel atively
high levels of incarceration associated with cannabis in the
United States (making up 40%-50% of drug charges) [29].

Other differences between the themes within the Canadian and
US data sets include the frequency of the presence of the word
cannabis in the Canadian tweets. This is the term preferred by
the Canadian government, and evidently has spread into personal
communications. In the US data set, slang words for cannabis
were morefrequently present including weed and pot and blunt,
possibly because of the absence of discussions that use more
formal language in national policy spaces permeating into
personal communications, or possibly because of differences
in who is tweeting about cannabis. The word marijuana was
frequently present in both data sets. In the Canadian data set,
alcohal is included as a keyword in Topic 1, which is about
recreational use, aterm not found in the US clusters.

Finally, the Canadian data set contained fewer racial slursin
the topic about personal transactions, even after we tested
specifically for the presence of this clustering of words. It may
represent a troubling normalization of derogatory language
toward African Americans in the United States, or it may be
representing larger, structural issuesin theracialization of drug
enforcement [29,35] and perceptions of who is selling drugs.
Although the proportion of White Americans who consume
marijuana has repeatedly been reported to be either similar to
or higher than the proportion of Black Americans, there are
differencesin racialized perceptions of use and racialized drug
enforcement [29,35]. Alternately, it could represent an increase
in online conversations about cannabis among minoritiesin the
United States, which has al so been documented in other studies
[15].
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Limitations

Our analysis was limited to tweets with location data, English
language content, and those from United States and Canada,
limiting the generalizability of the findings. Further, studies
have shown that there can be bias related to population
demographicsat the state and city level [36] aswell astemporal
and spatia factorsat theindividual level [37] that can affect the
sentiment of tweets. Geotagged Twitter data are a subset of
general Twitter dataand may not accurately represent the wider
population. For example, only 15% of adults who use the
internet use Twitter with regularity, and those aged 18-29 as
well asminoritiestend to be more highly represented on Twitter
than in the general population. There are higher proportions of
both passive users (<50 tweets per year) and highly active users
(>1000 tweets per year) than moderate users (50-1000 tweets
per year) on Twitter [38]. Taken together, these limitations
indicate that the data used in this study are from nonuniformly
gathered statements from a nonrepresentative subset of the US
and Canadian populations.

The anal ytic methods used to ascertain sentiment was based on
the tone of words used in the tweets, and thus a tweet's
sentiment does not necessarily reflect the Twitter user’s stance
on cannabis usage and does not trandate to procannabis or
anticannabis opinion. In stance detection, the analysis needsto
determine favorability toward a given target of interest. The
target of interest is often prechosen and may not be explicitly
mentioned in the text and it may not be the target of opinionin
thetext [39]. Other scholars have performed sentiment analyses
on cannabisrelated tweets using different methods and
restricting analysis to Twitter users having high Klout scores,
finding closer to 65%-77% of tweets with a positive sentiment
[13]. We expect the higher proportions of positive sentiment in
the previously referenced paper are due to selecting users with
a high Klout score, who have more positive sentiment overall
than lower Klout score users, as well as their use of a custom
classification method designed to capture the intent of the tweet
rather than just the sentiment [13]. We manually classified 350
tweets ourselves based on emotional tone and compared these
with VADER Sentiment and found that VADER was nearly
85% accurate with only 51 misclassified out of 350 (14.6%),
giving us confidence in the sentiment results presented here.

Further methodol ogical limitationsinclude that we are not able
to filter out bots from the data set, although we have removed
duplicate tweets. Data from the 3 US states included that had
cannabis law changes during the study period may not fully
represent cannabis tweet sentiment in these states, and study
results should not be generalized beyond the limited timeframe
in which data were collected. Finally, we were not able to
retrieve tweets from accounts which were marked as private by
the API.

Public Health Implications

We document a notable difference in the sentiment of tweets
whereby less restrictive policy environments appear to be
associated with |ess negative sentiment in tweets and perceptible
differences in Twitter content between the United States and
Canada. Theimplications of thiswork extend beyond just online
messaging. Cannabis is the most commonly used drug in both
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the United States and Canada, with between 13% and 18% of
the general population reporting recent use [37,40]. Cannabis
use and cannabis use disorder are significantly associated with
higher levels of exposure to procannabis content on Twitter
[12] and living in places with more liberal cannabis policies
[37,41], suggesting that such exposures are consequential.

Other studies have documented the procannabis sentiment of
much of the cannabis-related Tweets from the general public
[12], and this taken in tandem with the documented lack of
cannabis-related educational information on Twitter from health
organizations [42] suggests that Twitter users (especialy in
states with less restrictive policy environments) may benefit
from information regarding how to use cannabis in ways that
minimize health-related harms. Some examples of educational
messages designed to target adults in the general public and to
help maximize safety and health when using cannabis include
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“start low and go slow” aswell as “use cannabisin a safe and
familiar environment with people you trust” and “if you are a
new consumer, look for aproduct with lessthan 100 mg/g (10%)
THC, with equal or higher levels of CBD,” etc [37].
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conversations may help to inform public health planning and
prevention efforts. For example, campaigns targeting specific
geographic areas may be useful as cannabis laws become less
restrictive in the United States. The content analysis conducted
in this study highlighted some potential trends that deserve
further investigation. Future research isneeded on theracialized
nature of cannabis conversations on Twitter, the potential role
of social mediain buying and selling cannabis, and emerging
trends surrounding places of use (eg, use at home, usein public
spaces).
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Abstract

Background: The sale of electronic cigarettes (e-cigarettes) containing nicotine is prohibited in al Australian states and
territories; yet, the growing availability and convenience of the internet enable the promotion and exposure of e-cigarettes across
countries. Social media sincreasing pervasiveness has provided a powerful avenue to market products and influence social norms
and risk behaviors. At present, there is no evidence of how e-cigarettes and vaping are promoted on social mediain Australia

Objective: This study aimed to investigate how e-cigarettes are portrayed and promoted on Twitter through a content analysis
of vaping-related tweets containing an image posted and retweeted by Australian users and how the portrayal and promotion have
emerged and trended over time.

Methods: In total, we analyzed 1303 tweets and accompanying images from 2012, 2014, 2016, and 2018 collected through the
Tracking Infrastructure for Social Media Analysis (TrISMA), a contemporary technical and organizational infrastructure for the
tracking of public communication by Australian users of social media, viaalist of 15 popular e-cigarette—related terms.

Results. Despite Australia's cautious approach toward e-cigarettes and the limited evidence supporting them as an efficacious
smoking cessation aid, it is evident that there is a concerted effort by some Twitter users to promote these devices as a
health-conducive (91/129, 70.5%), smoking cessation product (266/1303, 20.41%). Further, Twitter is being used in an attempt
to circumvent Australian regulation and advocate for amore liberal approach to personal vaporizers (90/1303, 6.90%). A sizeable
proportion of postswas dedicated to selling or promoting vape products (347/1303, 26.63%), and 19.95% (260/1303) were found
to be business listings. These posts used methods to try and expand their clientele further than immediate followers by touting
competitions and giveaways, with those wanting to enter having to perform a sequence of steps such as liking, tagging, and
reposting, ultimately exposing the post among the user’s network and to others not necessarily interested in vaping.

Conclusions: The borderless nature of social media presents a clear challenge for enforcing Article 13 of the World Health
Organization Framework Convention on Tobacco Control, which requires all ratifying nations to implement a ban on tobacco
advertising, promotion, and sponsorship. Countering the advertising and promotion of these productsis apublic health challenge
that will require cross-border cooperation with other World Health Organization Framework Convention on Tobacco Control
parties. Further research aimed at developing strategies to counter the advertising and promotion of e-cigarettes is therefore
needed.
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Introduction

In Australia, the context of the present study, the legal status of
electronic cigarettes (e-cigarettes) is determined by existing and
overlapping lawsrelating to poisons, therapeutic and consumer
goods, and tobacco control [1]. Liquid nicotineis classified as
a “Schedule 7-Dangerous Poison” under the Federal Poisons
Standard [2], and, as such, the manufacture, sale, or supply of
e-cigarettes containing nicotine without lawful authority (ie,
prescription from a medical doctor) [3] is prohibited in all
Australian  states and  territories  [4].  However,
ni cotine-containing e-cigarettes can beimportedinto Australia,
as there is no way to determine whether or not an e-cigarette
contains nicotine, short of laboratory analysis, which has
implicationsfor law enforcement [4,5]. E-cigarettesthat do not
contain nicotine can be sold in some Australian jurisdictions,
provided manufacturers do not make therapeutic claims, while
the sale and use of flavored e-liquid are permitted provided it
does not contain nicotine [4].

The World Health Organization Framework Convention on
Tobacco Control (WHO FCTC) defines tobacco advertising
and promotion as “any form of commercial communication,
recommendation or action with the aim, effect or likely effect
of promoting a tobacco product or tobacco use either directly
or indirectly” and requires signatories to the treaty, of which
Ausdtralia is one, to “undertake a comprehensive ban on all
tobacco advertising, promotion and sponsorship” [6]. As
nicotine-containing e-cigarettes are banned from retail sale in
Australia; the advertising of such productsisalso not permitted.
Further, advertising of all types of e-cigarette products and
devices, nonnicotine included, is regulated at the state level,
with most states prohibiting any form of advertising or
promotion [7-10].

Data from the most recent National Drug Strategy Household
Survey [11] report 11.3% of Australians aged over 14 years
have ever used, and 2.5% currently use, e-cigarettes, increasing
from 8.8% and 1.2%, respectively, since 2016. Theseincreases
occurred in both smokers and nonsmokers and contrast with
Australian combustible smoking rates, which have continued
to decline over the last 30 years. The most frequent reason for
using e-cigarettes reported by people older than 14 years was
“out of curiosity” (54.2%). Further, 22.8% cited using
e-cigarettes because they perceived them to beless harmful than
tobacco cigarettes (19.2%in 2016), and 10.1% believed vaping
to be more socially acceptable than tobacco smoking (6.0% in
2016). In addition, 26.9% of respondents reported they obtained
their e-cigarette products online (Australian retailer 12.5%,
overseas retailer 11.1%, unknown origin 3.3%).

Vaping has become increasingly popular, and awareness,
experimentation, and uptake have proliferated both within
Australia and globally [12]. Researchers have therefore begun

http://publichealth.jmir.org/2020/4/€15577/

harnessing data from social mediato addressinformation gaps,
provide timely insights, and inform public policy and public
health [13-15]. As of January 2019, there were approximately
2.56 million active monthly Australian Twitter users (64%
mal€), which eguates to approximately 12% of Australiansolder
than 13 years [16]. Given the popularity of Twitter [16], the
high-speed nature of information dissemination, and the
significant influence of Twitter as a driver of web traffic [17],
insights into how Twitter is used to promote and discuss
e-cigarettes are warranted.

Socia media sincreasing pervasiveness has provided apowerful
avenue to market products and influence social norms and
behaviors [18]. There is mounting evidence of the volume of
e-cigarette promotion on social media [19,20], with studies
suggesting adolescents who view e-cigarette social media
promotion express greater intention to use e-cigarettes, more
positive attitudes toward e-cigarettes, and greater perceptions
of e-cigarette use as normative [21,22]. Thisis concerning, as
Australid’s current regulatory stance has proven effective in
limiting e-cigarette uptake [11]; however, promotion on socia
media could bring awareness to and encourage experimentation
with e-cigarettes or other tobacco products [23,24]. The health
effects of e-cigarette use are not fully understood; however, a
growing body of literature has established acute consequences
with even short-term use, with [25] or without nicotine[26,27].

A 2019 scoping review [19] that aimed to identify and describe
the messages presented in e-cigarette—related social media
promotions and discussions across the United Kingdom, United
States, New Zealand, Canada, and Australiaidentified no studies
from Australia. At thetime of this study, there was no published
literature on how e-cigarettes are promoted and discussed online
in the Australian context. We, therefore, aimed to investigate
how e-cigarettes are portrayed and promoted on Twitter through
a content analysis of related tweets posted and retweeted by
Australian users and how the portrayal and promotion have
trended over time in the Australian context where e-cigarettes
are largely prohibited.

Methods

Data Collection

Twitter datawere collected via Tracking I nfrastructure for Social
Media Analysis (TrISMA) [28], a contemporary technical and
organizational infrastructure for the tracking of public
communication by Australian users of social media. Central to
the TrISMA Twitter infrastructure is the Australian Twitter
Collection, which continuously gathers tweets from identified
Australian accounts (ie, accounts set to an Australian location,
geolocation, or time zone or accounts with a description field
referring to an Australian location or containing
Australia-specific terms) and storesthem in adatabase available
to accredited TrISMA researchers. The TrISMA Twitter
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Collection ishosted on acloud-based Google BigQuery database
and accessed through the data visualization tool Tableau.

A list of popular e-cigarette—rel ated termswas devel oped based
on peer-reviewed literature [29-34], trending Twitter hashtags,
and frequently co-occurring hashtags (ie, hashtagsthat appeared
in the same caption as the root term), which resulted in 15
keywords: cloudchasing, ecig (includes ecigarette/s), e-cig
(includes e-cigarette/s), electroniccig (includes
electroniccigarette/s), electronic cigarette (includes electronic
cigarettes), eliquid, e-liquid, e-juice, vape (includes vaper and
vapes), vaping, vapecommunity, vapefam, vapelife, vapenation,
and vapeporn. E-cigarette product names were omitted from
the search strategy so as not to biasthe resultsto specific brands
[35]. A preliminary search revealed there was minimal Twitter
activity using these keywords before 2012. Therefore, 2 yearly
sampling intervals starting from 2012 to 2018 were chosen to
maximize the period of time covered while still being able to
see the emergence and decline of trends in the collected data.

Data (tweets), along with meta-datainformation (ie, username,
user follower count), were collected from public Australian
Twitter userswhen atweet included at |east one of theidentified
keywords from either respective year. Data were downloaded
in the form of comma-separated values files for each keyword
and respective year. Social mediauserstend to include multiple
hashtags within their posts, which resulted in duplicate tweets
being collected. Duplicate tweets within keyword corpora for
each year and across keyword corpora from the co-use of
hashtags were removed, resulting in theinclusion of only unique
tweets [36].

Datawere assigned anumber in ascending order, and 100 tweets
from each keyword corpusfor each year wererandomly selected
using an online random sequence generator [37]. Selected data
were checked by one researcher (KM) to determine eligibility
(ie, written in English and relevant to e-cigarettes). If any of the
originally selected 100 tweets did not fit the inclusion criteria,
further sampling occurred until 100 eligible tweetswere reached.
If akeyword corpus had less than 100 tweets, then all eligible
tweets were selected. Each tweet was inspected, and, if found
to contain an image, a screenshot of the whole post (text and
image) was saved for further analysis. Eligible images needed
to be stationary (ie, not a video, animated graphic interchange
format [GIF], or other moving content). Only posts that
contained an image were included in this study astheinfluence
of the “picture superiority effect,” which specifies pictures and
images are morelikely to be remembered than words, iswidely
acknowledged [38]. Socia media content that includes
associated imagery is also more noticeable, shareable, and
engaging to users[39].

Retweets (tweets reposted by users) wereincluded in this study,
which facilitated the understanding of what information was
being circulated by Australian users, even if it originated in
another country.

Ethical Consider ations

A particularly salient concern among researchers is whether
social media data should be considered public or private data

http://publichealth.jmir.org/2020/4/€15577/
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[40]. Twitter is a socia networking service in which users
broadcast their opinions and commonly use a hashtag to
associate their thoughts on a subject with users on the same
subject; therefore, this data is generally referred to as “public
data” [40]. For ethical, privacy, and technical reasons, TrISMA
doesnot collect tweetsfrom private accounts or direct messages,
therefore, all datacollected in this study were publicly available.
This study was approved by the Curtin University Human
Research Ethics Committee (approval number: HRE2017-0144).

Developing the Coding Framewor k

A concept-driven approach (inductive) [41] informed by extant
studies [29-34] was utilized to develop a coding framework.
The coding frame was tested on arandom sampl e of 100 tweets
by 2 researchers (KM and KT), whereby each tweet was read
and assigned codes based upon the concepts presented in the
descriptive text, hashtags, and accompanying image [42]. It is
critical to consider the visual and textual aspects of posts
together in the analysis[42] asthe study of images can be used
to complement and extend the study of health behaviors and
may be more valuable than the study of words alone [15]. The
2 researchers followed a hybrid inductive/deductive content
analysis approach [41] to refine and further develop the coding
framework before transferring the modified framework into
IBM SPSS Statistics (v22).

Interrater Reliability Testing

The 2 researchers applied the modified coding framework to a
sample of 140 randomly selected posts (approximately 10% of
thefinal sample), and aninterrater reliability test was performed.
Interrater reliability was determined using Krippendorff alpha,
and an average score of a=.89 was obtained, with a range of
.65-1.0, indicating good to perfect agreement [43]. Any
discrepancies were discussed to reach consensus, and the coding
framework was revised accordingly.

Coding and Analysis

The fina coding framework (Multimedia Appendix 1) was
applied by KT and checked for consistency and validity by KM.
The coders met regularly to refine coding rules and discuss
guestions and emergent themes. Each code within the coding
framework was a variable in SPSS that functioned as a
standalone item and was evaluated as either 1 for present or 2
for absent. Statistical comparisons (ie, between codesand years)
were made using chi-square tests or Fisher exact tests, if
applicable. Datawereanalyzed using IBM SPSS Statistics (v22).
Due to the small sample size of the 2012 data, a further
sensitivity analysiswas performed with statistical comparisons
made using chi-square and Fisher exact tests to assess the
robustness of the results by removing the observationsin 2012.

Results

Sample of Posts

Of the 4437 randomly sel ected tweets, 1553 contained animage,
and an eligible sample of 1303 tweets wasretained for analysis
(Table 1).
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Table 1. Number of posts selected for analysis.

McCausland et al

Year of post Random sample of posts (n=4437), n  Posts containing an image (n=1553), n Posts eligible for analysis (n=1303), n
2012 570 12 12
2014 1,196 289 246
2016 1,378 658 540
2018 1,293 594 505
Sensitivity Analysis Frequency and Description of Codes

After performing the sensitivity analysis, all associations, except
for one, remained significant when removing the 12 observations
from 2012. After the removal of the 2012 data, the “quit
smoking” association did not retain its significance (P=.213).
The results of the sensitivity analysisindicate that, overall, the
results were not substantially influenced by the small number
of datain 2012.

http://publichealth.jmir.org/2020/4/€15577/

Overview
In total, 1303 tweets and accompanying images (collectively

referred to as posts) were analyzed: 12 from 2012, 246 from
2014, 540 from 2016, and 505 from 2018.

People

Of the images that contained a person, 60.0% (326/543)
portrayed aman, and the majority of people appeared to be over
the age of 18 years (300/313, 95.8%; Table 2). The largest
proportion of people visible in these images was classified as
“everyday people’ (283/543, 52.1%).

IMIR Public Health Surveill 2020 | vol. 6 | iss. 4 |e15577 | p.51
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Table 2. Freguency statistics for each year corpus and the total sample within the “people” domain.
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Associated codes 2012 (N=12), n (%) 2014 (N=246),n(%) 2016 (N=540),n(%) 2018(N=505),n(%) Total (N=1303),n (%)
People visible 4(33.3) 115 (46.7) 209 (38.7) 215 (42.6) 543 (41.7)
Type of peoplevisible
Everyday person 2 (50.0)2 65 (56.5)° 120 (57.4)° 96 (44.6)° 283 (52.1)°
Model 1(25.0)2 39 (33.9)° 59 (28.2)° 78 (36.3)¢ 177 (32.6)¢
Celebrity 1(25.0)2 4(3.5)° 9(4.3° 15 (7.0)¢ 29 (5.3)
Health professional/academic 0)2 0 (O)b 3(1.4)° 12 (5.6)d 15 (2.8)®
Other 0(0? 7(6.1)° 11 (5.3)° 4(1.9) 22 (4.1)¢
Multiple types 0(0)2 0(0)° 7(3.3)° 10 (4.6) 17 (3.1)°
Gender of peoplevisible
Female 1 (25.0) 39 (33.9)° 44 (21.0)° 39 (18.1)4 123 (22.7)°
Male 3(75.0)2 58 (50.4)° 134 (64.1)° 131 (60.9)¢ 326 (60.0)°
Both 0(0)2 7(6.1)° 15(7.2)° 23 (10.7)¢ 45 (8.3)°
Cannot determine 0(0) 11 (9.6)° 16 (7.7)° 22(10.2)¢ 49 (9.0)°
Age of people visible (years)
<18 0(0)f 0(0)? 3(2.6)" 4(32) 7(22)
218 2 (100.0)f 72 (100.0)9 111 (95.7)" 115 (93.5) 300 (95.8)
Mixed 0(0)f 0(0)9 27" 4(3.2) 6 (L.9)
aN=4.
bN=115.
°N=209.
dN=215.
EN=543.
N=2.
IN=T72.
N=116.
'N=123.
IN=313.

Product Placement and Visibility

E-cigarette liquids (also known as e-liquid or e-juice) were
present in 11.82% (154/1303) of images. In posts that depicted

and most commonly (497/1303, 38.14%) theseweree-cigarefte  jmage in 92.7% (846/913) of posts.

or other vaping devices (eg, e-hookah, e-cigar; Table 3).
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Table 3. Fregquency statistics for each year corpus and the total sample within the “vape and tobacco products’ domain.

Associated codes

2012 (N=12), n (%) 2014 (N=246), n (%)

2016 (N=540),n (%) 2018 (N=505),n(%) Total (N=1303), n (%)

Product placement?®

Overt 8(88.9)° 179 (94.2)°

Covert 1(11.2)° 11(5.8)°
Product visible

E-cigarette or another vaping 3 (25'0)13 116 (47.2)°

device

E-cigarette and another 2 (16.7)b 37 (15.0)°

vape/tobacco product

Vape accessory 0(0)° 11 (4.5)°

Vape liquid 1(8.3)° 17 (6.9)°

(e-liquid)

Vape liquid and another 1(8.0)° 0(0)°

vape/tobacco product

Showcase in aretail store 0(0)° 6 (2.4)°

Tobacco product 2 (16.7)P 3(1.2)°
Setting

Indoors 4 (66.7)¢ 94 (77.7)h

Outdoors 2 (33.3)9 27(22.3)"

373(93.5)¢ 286 (90.8)° 846 (92.7)f
26 (6.5) 29 (9.2)¢ 67 (7.3)f
199 (36.9)¢ 149 (35.4)° 497 (38.1)f
79 (14.6) 37(7.3)° 155 (11.9)f
28 (5.2)¢ 22 (4.4)° 61 (4.7)f
84 (15.6)4 52 (10.3)® 154 (11.8)f
0(0)¢ 5(1.0) 6 (0.5)
4(0.7)¢ 5(1.0)° 15 (1.2)f
4(0.7)¢ 14 (2.8)° 23 (1.8)f
173 (71.2) 107 (60.1 378 (69.0)%
70 (28.8) 71 (39.9) 170 (31.0)

@0nly coded for if a product was visible in the post.
bN=9.
°N=190.
dN=399.
eN=315.
'N=013
IN=6.
AN=121.
IN=243,
IN=178.
KN=548.

Promational Practicesand Strategies

In 26.63% (347/1303) of posts, purchase of e-cigarette products
was promoted, and 9.67% (126/1303) of posts provided Twitter
users with a promotional offer (Table 4). Promotiona offers
could be monetary or nonmonetary, of which nonmonetary
offers were most prevalent (86/126, 68.3%). Nonmonetary
promotional offers did not lower the cost of a purchase; they
instead promoted contests, giveaways, and sweepstakes or
offered free shipping or a free gift with purchase. Rather than
aiming to sall specific e-cigarette products, some posts promoted
vape businesses, brands, and online groups. These posts were
categorized as “business listings” and comprised 19.95%
(260/1303) of thetotal sample (Figure 1). Some businesslistings
and promotional posts used methods to increase their visibility

http://publichealth.jmir.org/2020/4/€15577/

and expand their market, such as operating competitionstowin
e-cigarette products. However, to enter a competition, Twitter
users were required to undertake a series of steps including
following the account, and liking, commenting, re-tweeting, or
tagging othersin the post (Figure 2).

Of posts that displayed or discussed e-liquid products, 71.1%
(226/318) described the flavor of the product through either
words or images (eg, images of candy or fruits; Figure 3).
Creative flavor names (eg, King Cookie Dough, Show me the
Honey) and descriptive flavor descriptions (eg, “ Grab a sweet
and spicy cup of tea from the Chai Wallah as he makes the
rounds on an overcrowded train slowly making its way to
Varanasi”) were commonly depicted in image captions and on
product packaging.
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Table 4. Freguency statistics for each year corpus and the total sample within the “promotional practices and strategies’ domain.

Associated codes 2012 (N=12), n (%) 2014 (N=246),n(%) 2016 (N=540),n(%) 2018(N=505),n(%) Total (N=1303), n (%)
E-liquid flavor described (yes)® 3 (100.0)° 33(58.9)° 144 90.0)¢ 76 (76.8)° 226 (71.2)f
Product brand or logo visible 4 (44.4)" 83 (43.7) 230 (57.6) 144 (45.7)¢ 461 (50.5)
(ves)?
Product brand or logoisvisible 4 (33.3) 128 (52.0) 275 (50.9) 211 (41.8) 618 (47.4)
anywhere
Promoting vape product for 2(16.7) 80 (32.5) 164 (30.4) 101 (20.0) 347 (26.6)
purchase
Business listing 2(16.7) 61 (24.8) 101 (18.7) 96 (19.0) 260 (20.0)
Vapor present 1(8.3) 60 (24.4) 104 (19.3) 89 (17.6) 254 (19.5)
Promotional offer
Monetary JOR 11 (42.3)" 15 (31.9)° 7(7.8)° 33(26.2)
Nonmonetary 1(100.0)™ 14 (53.8)" 29 (61.7)° 45 (86.5)° 89 (70.6)%
Both oM 1(3.9)" 3(6.4)° 0 (0.0 4 (3.2
Vape product review 0(0) 7(2.8) 36 (6.7) 29 (5.7) 72 (5.5)
Cartoon 1(8.3) 8(3.3) 31(5.7) 18 (3.6) 58 (4.5)
Sale notice 0(0) 3(1.2) 11 (2.0) 1(0.2) 15(1.2)

@0nly coded for if the post displayed or discussed an e-liquid product.
bN=3,

°N=56.

IN=160.

eN=99.

N=318.

90nly coded for if avaping-related product was visible in the post.
fN=9.

'N=190.

IN=399.

kKN=315.

IN=913.

MN=1.

"N=26.

ON=47.

PN=52.

IN=126.
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CALM

AND

Vaporise with
LiquidVape

www.liquidvape.
com.au

Figure 2. Example within the nonmonetary promotional offer category of the "promotional practices and strategies' domain.

ZAMPLEBOX

ENTER TO WIN

LIKE | COMMENT | SHARE

Figure 3. Example of aflavor within the "promotional practices and strategies' domain.
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Health, Safety, and Product Claims

The potential health benefits and consequences (Figure 4) of
e-cigarettes were detailed in 9.90% (129/1303) of posts, of
which 70.5% (91/129) conveyed the perceived benefits
associated with e-cigarette use (Table 5). These posts compared
e-cigarette productsto their presumed more harmful counterpart,
combustible cigarettes, by listing the aleged harmless
ingredients found in vaporizer products (eg, nicotine, propylene

McCausland et a

glycol, glycerin, flavoring; Figure 5) compared to the toxic
ingredients found in tobacco cigarettes (eg, ammonia, carbon
monoxide, lead), labelled e-cigarettes as “smoke-free
publicized that e-cigarettes provide a“ safe” or “safer” smoking
experience, and included testimonial sfrom people who had quit
smoking through the use of e-cigarettes and their subsequent
positive changes in health. Further, a significant proportion of
posts promoted e-cigarettes as an effective smoking cessation
aid (266/1303, 20.41%; Figure 6).

Figure 4. Example of health consequences being explained within the “ health, safety, and product claims” domain.

E-CIGL\RETTE—_'
STUDY

HEART ATTACK RISK

178,000 Aussies regularly use an e-cigarette

Table 5. Frequency statistics for each year corpus and the total sample within the “health, safety, and product claims’ domain.

Associated codes

2012 (N=12), n (%) 2014 (N=246),n(%) 2016(N=540),n(%) 2018(N=505),n(%) Tota (N=1303), n (%)

Quit smoking 7 (58.3) 52 (21.1)
Health
Totdl 1(8.3) 15 (6.1)
Positive 1(100.0) 13(86.7)
Negative 0(0) 2(133)
Safety 0(0) 8(33
Public hedlth 0(0) 2(0)
Youth vaping 0(0) 3(1.2)
Health warning or agerestriction 0 (0) 3(1.2)
visible
Nicotine?
Nicotine level (mg) 0 (O)b 4(87)°
Nicotine-free 1 (50_o)b 1(2.3°
Multiple products: nicotine (O)b 2(43)°
and nicotine-free
No nicotine level visible 1 (50.0)° 39 (84.8)°

96 (17.8) 111 (22.0) 266 (20.4)
34 (6.3) 79 (15.6) 129 (9.9)
22 (64.7) 55 (69.6) 91 (75.2)
12 (35.3) 24 (30.4) 38 (29.5)
30 (5.6) 24 (4.8) 62 (4.8)
18 (3.3) 30 (5.9) 50 (3.8)

8 (L5) 31(6.1) 42(32)

8 (L5) 14 (2.8) 25 (1.9)
27 (18.1)¢ 3(3.9° 34 (12.4)
9 (6.0 9(11.7)° 20 (7.3)f
2 (131 1(1.3)° 5(1.8)f
111 (74.5)4 64 (83.1)° 215 (78.5)

@0nly coded for if the post displayed an e-liquid product.

bN=2.
°N=46.
dN=149.
EN=77.
fN=274.
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Figure5. Example of an explanation of e-liquid ingredients within the “ health, safety, and product claims’ domain.

WHAT'S IN E-CIGARETTE LIQUID?

Propylene Glycol

Food additive (E1520)

Has been a food additive for

over 50 years. Non-toxic and

considered generally safe for

consumption by the US FDA

Used in ice-cream i

confectionery, hand creams & =dib

cosmetics and pharmaceuticals

vegetable gl 1 Glycol
egetable glycero vegetable

Food additive (E422) derived glycerol

from plants, usually soybeans Food

or palm. Used in food and flavouring

beverages, toothpaste, mouth Nicotine

wash, gel tablets, glycerol soap | (oprional)
and widely in pharmaceutical

formulations .

Food flavouring

E-liquid alone has little taste,
so flavour concentrates such
as vanilla, mint, fruit, beverage,
confectionery, tobacco and
spices are usually added

Nicotine

Stimulant found in tomatoes,
eggplant, cauliflower and
especially tobacco leaf
Typical e-liquid contains a

1 to 3% concentration of
nicotine. A drop of typical
e-liquid contains 0.5 to 1mg
of nicotine (compared to
nicotine gum with 2 to 4mg)

Figure 6. Example of describing e-cigarettes as a smoking cessation aid within the “health, safety, and product claims’ domain.

What's an effective
alternative for
smokers who
can’t quit?

Only 1.92% (25/1303) of posts contained a health warning or
age restriction. Health warnings were commonly displayed on
e-cigarette product packaging (Figure 7). Age restrictions
indicating products were not to be used by those under the age

Australian Tobacco Harm Reduction Association

of 18 years were commonly asserted by asmall icon, similar to

http://publichealth.jmir.org/2020/4/€15577/
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that found on alcoholic beveragesin Australia. Of the poststhat
portrayed an e-liquid product, 21.5% (59/274) identified whether
the product contained nicotine (eg, 2 mg) or was nicotine-free
(eg, 0 mg).
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Figure 7. Example of a health warning within the “health, safety, and product claims’ domain.

WARNING:
This product contains nicotine.
Nicotine is an addictive chemical.

Behaviors and Practices har,m rgzductlon] medal to your prof! le pic[ture] if
o you'd like. Smply send me a DM [direct message]
Over half (709/1303, 54.41%) of all postsindicated the presence w/ [with] the picture and it can be done quickly.
of a vaping community or shared social identity or addiction Hand check/product check” posts (255/1303, 19.57%) often
bond, commonly through the use of hashtags. Popular hashtags ) . ; o
" . : appeared as simple photographs of an e-cigarette device or liquid
that accompanied these posts included #vapecommunity, . . :
. . . inthe hand of itsuser (Figure 8) or standalone (Table 6). These
#vapefam, #vapenation, and #vapelife. One user posted: . . ,
imageswere commonly taken in peopl€’'s homes, cars, and other
#vape #vapefam #\WeVape\\e\ote #vapenation As a outdoor locations and were frequently accompanied by the
show of solidarity, | will add your #THR [tobacco hashtag #handcheck.

Figure 8. Example of a hand check post within the "behaviors and practices' domain.
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Table 6. Frequency statistics for each year corpus and the total sample within the “behaviors and practices’ and “ association with another substance”

domains.
Associated codes 2012 (N=12), n (%) 2014(N=246),n(%) 2016 (N=540),n(%) 2018(N=505),n(%) Tota (N=1303),n (%)
Behaviorsand practicesdomain
Identity or community 0(0) 142 (57.7) 341 (63.1) 226 (44.8) 709 (54.4)
Hand check/product check 4(33.3) 45 (18.3) 127 (23.5) 79 (15.6) 255 (19.6)
Selfie 0(0) 17 (6.9) 24 (4.4) 14 (2.8) 55 (4.2)
Building/DIY2 1(8.3) 10 (4.2) 21(3.9) 18(3.6) 50 (3.8)
Meme 0(0) 4(1.6) 17 (3.1) 26 (5.1) 47 (3.6)
Vape play 0(0) 12 (4.9) 21(3.9) 10 (2.0) 43(33)
Person vaping 1(8.3) 71(28.9) 99 (18.3) 90 (17.8) 261 (20.0)
Erotic or sexualized 0(0) 7(2.8) 11 (2.0) 1(0.2) 19 (1.5)
Association with another
substance domain
Cannabis (including hemp) g (g)° 1(25.0)° 11 (61.1)¢ 11 (91.7)¢ 23(67.6)f
Alcohol 0(0)° 3(75.0)° 7(38.9)° 1(8.3)° 11 (32.4)f
aDIY: do-it-yourself.
BN=0.
N=4.
dN=18.
EN=12.
N=34.

Men were more often represented in selfies (40/55, 73%; community or vaper identity (199/709, 28.1%; P=.05) than
P<.001), and in posts of people vaping (139/261, 53.3%; women (12/255, 4.7% and 60/709, 8.5%, respectively). A person
P<.001) and performing vapetricks (25/43, 58%; P<.001; Figure waspresent in 18 of the 19" erotic or sexualized” posts, of which
9) than women (selfies: 12/55, 22%,; vaping: 84/261, 32.2%; 16 (89%) images contained women scantily dressed and
performing vape tricks: 8/43, 19%). Furthermore, men more suggestively posed (Figure 10). The remaining 2 images
frequently posted “ hand check/product checks’ (98/255, 38.4%;  portrayed a man and woman together.

P<.001) and posts that indicated a connection with the vape

Figure 9. Example of male representation within the "behaviors and practices' domain.

=8 1N
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Figure 10. Example of a sexualized image within the "behaviors and practices' domain.

6.91%) versusrestrictive (87/1303, 6.68%; Figure 11) e-cigarette
policies. Advocacy effortswere encouraged in 4.99% (65/1303)

E-cigarette regulation and policy were discussed in 10.74%  of posts, of which 60% (39/65) supported liberal e-cigarette
(140/1303) of posts (Teble 7). An almost equal proportion of  reqyiation (Figure 12).

postswas found to be discussing or in favor of liberal (90/1303,

Regulation and Advocacy

Table 7. Freguency statistics for each year corpus and the total sample within the “regulation and advocacy” domain.

Associated codes 2012 (n=12),n (%) 2014 (n=246),n (%) 2016 (n=540),n(%) 2018 (n=505),n(%) Total (n=1303), n (%)
Regulation or policy 0(0) 9(3.7) 43(8.0) 100 (19.8) 140 (10.7)

Liberal regulation 0(0) 6 (2.4) 26 (4.8) 58 (11.5) 90 (6.9)

Restrictive regulation 0(0) 2(0.8) 27 (5.0) 58 (11.5) 87 (6.7)

Advocacy 0(0) 3(L2) 16 (3.0) 46 (9.1) 65 (5.0)

Figure 11. Example of arestrictive policy within the "regulation and advocacy" domain.

Sm&ke-
free UQ

1 JULY 2018
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Figure 12. Example of advocacy within the "regulation and advocacy" domain.

Discussion

Promaotional Practices and Strategies

The use of several promotional practices and strategies was
documented in this study, namely the promotion of positive
perceptions of e-cigarette use, implicit and explicit marketing
of e-cigarette products and businesses, and the use of
promotiona offers (monetary and nonmonetary). Thesefindings
are consistent with those reported in arecent systematic review
of e-cigarette marketing communication [44] and are known
and effective strategies utilized by the tobacco industry for
decades [45]. These promotional practices coupled with the
ease in which consumers can purchase products online through
the click of alink have resulted in the exponential growth of
online e-cigarette sales worldwide [46]. Investigations into
youth online purchasing have confirmed the ease with which
young people can purchase e-cigarette products due to the lack
of appropriate age detection processes [47-49)].

The promotion of e-liquid flavors through images, detailed
flavor descriptions, and appealing product packaging was
common and is supported by other social media—based
investigations [50,51]. E-cigarette users commonly report the
importance of flavored e-cigarette products in facilitating
smoking abstinence and enhancement of their vaping experience
[52]. Subsequently, e-cigarette manufacturers and retailers have
adopted the promotion of flavored e-cigarette products as a
major marketing strategy [53]. However, evidenceindicatesthe
promotion of flavored e-liquid may be particularly attractive to
young people [54] and serve as one of the main reasons for
e-cigaretteinitiation [55]. Furthermore, youth have been found
to perceive fruit-flavored e-liquids to be less harmful than
tobacco-flavored products [56], and fruit-flavored e-liquids have
been linked to greater perceived enjoyment [57].

Health, Safety and Product Claims

It is not uncommon to find posts on social media claiming
e-cigarettes are safer than cigarettes and can be used as a
cessation tool, with limited or no validation [35]. Only a very

http://publichealth.jmir.org/2020/4/€15577/

RenderX

small proportion of postsin this study was accompanied by or
depicted a health warning or age restriction, and an increasing
proportion of posts was found to be promoting the positive
health effects of vaping. Furthermore, a substantial proportion
of posts promoted e-cigarettes as a replacement or aternative
to cigarettes, similar to that found by L aestadius and colleagues
[30]. Risk perception plays an important role in product use
decision making, and a commonly cited reason for e-cigarette
uptake among adults and young people is the belief that they
are less harmful than cigarettes [58-60]. Youth who perceive
e-cigarettes as harmless or less harmful than cigarettes are at
increased susceptibility of uptake compared to youth with more
negative views towards vaping [61,62].

Behaviors and Practices

A common post found in this study, the “hand check/product
check,” issignificant because these postsreflect the variety and
wide range of vaporizer and e-liquid products and accessories
that exist. As vaporizers continue to evolve, with users able to
customize and create unique devices, users are increasingly
turning to social mediato share the products they are using and
creating. Similarly, Chu and colleagues [29] found a large
proportion of product-based images posted to the social media
platform Instagram exhibiting the hashtag #handcheck. The
authors expressed concern regarding this increasing trend, as
these images act as unpaid marketing of e-cigarette products
and viewers may interpret these devices to be commonplace
and socially acceptable.

Theinclusion of hashtags such as #vapecommunity, #vapelife,
#vapenation, and #cloudchaser demonstrate the existence of a
vaping identity and community on Twitter, which has also been
foundin prior vaping-related social mediainvestigations[30,63].
Inclusion of such hashtags may function to create an
internalization of social bonding and a vape-related identity
[63]. Thisinternalization may help one to define who they are
and create their own identity and values within a society that
has normalized values and practices. This has led to the
formation of unique online and face-to-face “vaper
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communities and identities [64,65], which some people are now
adopting and associating with rather than the identity of being
a “cigarette smoker” or “ex-smoker” The application of
hashtagsto social mediapostsisaform of folksonomy, and the
initiating adopters of these electronic tags and subsequent uptake
by imitators can be explained by Roger's Diffusion of
Innovation Theory, which seeks to explain how, why, and at
what rate new ideas and technology spread [66]. It hastherefore
been suggested by some that these vaping-related discussions
may be occurring within some networks as an “ echo chamber,”
whereby the ideas and beliefs of those within the network are
strengthened, resulting in the normalization of vaping within
these communities[63]. Research examining Australian Twitter
users using network analysis methods could provide an
Australian perspective on this hypothesis. Further, research that
examines how nicotine addiction isrepresented on social media
may assist to understand evolving perceptions of addiction and
identity.

Implications for Policy and Research

This investigation demonstrates that a number of Australian
Twitter users are purposefully (commercial) and also
inadvertently (through posts by vapers) promoting the use of
e-cigarettes. Twitter hasa“paid” advertising policy prohibiting
the promotion of tobacco products, accessories, and branding
(including e-cigarettes) [67]. The policy, however, does not
relate to individual account holder’'s content, fan pages, or
groups. The boundaries between owned, paid, earned, and shared
content have become increasingly more blurred [68], with
evidence suggesting influencers are being used to circumvent
social media policies [69,70]. In the absence of regulations
controlling online promotions and formal gateways restricting
access to content, posts on social media platforms such as
Twitter can reach and potentially influence both e-cigarette
usersand nonusersalike[51]. Exploring opportunitiesto further
restrict the commercia promotion of these devices (ie, unpaid
promotion from commercial accounts) on Twitter and other
social media platforms is required, and working with social
media platforms to voluntarily employ these restrictionsis one
possible solution [71].

This study found the proportion of posts specifically promoting
e-cigarette productsfor purchase decreased in 2018 (Multimedia
Appendix 1), although this correlates with arelative declinein
Twitter use by Australians in comparison to other larger and
growing platforms. Dueto theincreased popularity of Instagram
over recent years, and more recently TikTok, it would be
valuable to investigate e-cigarette—related promotional content
posted to these platforms. Instagram and TikTok are primarily
photo and video-sharing social networking services; therefore,
these platforms may be more desirable and more highly accessed
than Twitter to share this type of content.

A product for therapeutic use, such as smoking cessation or
alleviation of nicotine withdrawal, must be registered with the

McCausland et al

Therapeutic Goods Administration to be sold lawfully in
Audtralia [2]. At present, no heated tobacco nor nicotine
vaporizer has been approved by the Therapeutic Goods
Administration and therefore should not be promoted as a
smoking cessation product. Continued monitoring of Australian
e-cigarette retailers to ensure misleading health and smoking
cessation claims are not being made is therefore important so
asnot to contribute further to the confusion regarding e-cigarette
safety and efficacy.

Limitations

Several limitations need to be considered when interpreting the
results of this study. This study reflects data from one social
mediaplatform, Twitter, asits dataare mostly public and easily
accessible to researchers, whereas some other social media
platforms are not as readily accessible [72]. However, the
TrISMA infrastructure makes Australian-specific historical
Twitter data accessible in a way most other social media
platformsdo not. Thisisnot an indication that other social media
platforms are not spaces where e-cigarettes are discussed by
Australians, but only that these activities are not aways as
visible to researchers. The search strategy included severa
popular terms used to describe e-cigarettes and vaping practices;
however, emerging and variations of slang terms may have been
overlooked. The investigation focused only on tweets that
included animage. Therefore, these results may not bereflective
of all tweetsby Australian users. Lastly, werelied on TrISMA's
programmed bot filtering processes occurring at the level of the
user before tweets were collected to remove questionable
accounts. Future studies examining Twitter dataare encouraged
to apply denoising techniques after data collection [73].

Conclusions

Despite Australia's cautious approach toward e-cigarettes and
the limited evidence supporting e-cigarettes as an efficacious
smoking cessation aid, it is evident that there is a concerted
effort by some Twitter users to promote these devices as a
harmless, health-conducive, smoking cessation product. Further,
Twitter is being used in an attempt to circumvent Australian
regulation and advocate for a liberal approach to personal
vaporizers. The borderless nature of social media presents a
clear challenge for enforcing Article 13 of the WHO FCTC.
Evidence suggests a relationship exists between e-cigarette
advertising exposure and uptake, and social mediaisnow being
used to generate favorabl e attitudes towards vaporizer products.
As*“digital media’ consumption hasincreased, content that was
previously inaccessible due to conventional advertising
regulations, such as tobacco advertising, is now visible, and
traditional tobacco control regulations are no longer adequate.
Theinternet isthe perfect platform to promote e-cigarettes and
novel nicotine products, even in ahighly regulated country such
asAustralia. Countering the advertising and promotion of these
products is a public health chalenge that will require
cross-border cooperation with other WHO FCTC parties.
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Abstract

Background: Sexually transmitted infections (STIs) pose a significant public health challenge in the United States. Traditional
surveillance systems are adversely affected by data quality issues, underreporting of cases, and reporting delays, resulting in
missed prevention opportunitiesto respond to trendsin disease preval ence. Search engine data can potentially facilitate an efficient
and economical enhancement to surveillance reporting systems established for STls.

Objective:  We aimed to develop and train a predictive model using reported STI case data from Chicago, Illinois, and to
investigate the model’s predictive capacity, timeliness, and ability to target interventions to subpopulations using Google Trends
data

Methods: Deidentified STI case data for chlamydia, gonorrhea, and primary and secondary syphilis from 2011-2017 were
obtained from the Chicago Department of Public Health. The data set included race/ethnicity, age, and birth sex. Google Correlate
was used to identify the top 100 correlated search termswith “STD symptoms,” and an autocrawler was established using Google
Health Application Programming Interface to collect the search volume for each term. Elastic net regression was used to evaluate
prediction accuracy, and cross-correlation analysis was used to identify timeliness of prediction. Subgroup elastic net regression
analysis was performed for race, sex, and age.

Results: For gonorrhea and chlamydia, actual and predicted STI values correlated moderately in 2011 (chlamydia: r=0.65;
gonorrhea: r=0.72) but correlated highly (chlamydia: r=0.90; gonorrhea: r=0.94) from 2012 to 2017. However, for primary and
secondary syphilis, the high correlation was observed only for 2012 (r=0.79), 2013 (r=0.77), 2016 (0.80), and 2017 (r=0.84),
with 2011, 2014, and 2015 showing moderate correlations (r=0.55-0.70). Model performance was the most accurate (highest
correlation and lowest mean absolute error) for gonorrhea. Subgroup analyses improved model fit across disease and year.
Regression model s using search terms selected from the cross-correl ation analysisimproved the prediction accuracy and timeliness
across diseases and years.

Conclusions: Integrating nowcasting with Google Trends in surveillance activities can potentially enhance the prediction and

timeliness of outbreak detection and response aswell astarget interventionsto subpopul ations. Future studies should prospectively
examine the utility of Google Trends applied to ST surveillance and response.

(JMIR Public Health Surveill 2020;6(4):e20588) doi:10.2196/20588
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Introduction

Gonorrhea, chlamydia, and syphilis continue to pose a
significant public health challenge with approximately 3.7
million new diagnoses each year in the United States[1]. Rates
of sexually transmitted infections (STIs) increased from 2017
to 2018, with gonorrhea, chlamydia, and syphilis showing arise
of 2.9%, 5.0%, and 14.9%, respectively [2]. Despite these
documented increases, many cases remain undiagnosed and
unreported; as a result, the true burden of these STIs islikely
much greater [1]. The purpose of STI surveillanceisto estimate
the morbidity and mortality of disease aswell as enhance
the ability topredictand respond to disease patterns.
Disparitiesin the ratesof STIsby age, sex, race, and region
have been observed; timely and accurate detection of these
issues can support effective prevention and control [1].

National surveillance relies on mandatory laboratory and case
reportingg a system that produces data that
are often incompleteand limited in scope [3]. In addition
to dataquality concerns, underreporting and reporting delays
result in missed opportunities  to identify and respond  to
trendsin disease and limit the ability to guide STI control [3,4].
Although web-based and el ectronic systemsfor laboratory and
provider reporting can increase response timeliness, public
health agencies must still apply the processes of matching and
merging information, and detecting and removing duplicate
cases and reports, which adversely impacts the timeliness of
disease trend analysis [4]. Thus, there is a need to modernize
and enhance surveillance systemsto detect the burden of disease
and improve the targeting of prevention and control activities

[2].

Although the internet is not a“new” technology, it isrelatively
new to the surveillance of infectious diseases. In 2004,
Eysenbach coined the term “infodemiology” to describe the
distribution of determinants of information on the internet and
“infoveillance” to refer to syndromic surveillance of disease
via the internet [5]. As theinternetis aporta for free,
asynchronous, and anonymously available health information,
search enginedata  may provide an additional  venue for
surveillance efforts, thus leading to earlier detection of trends
and increased ability to monitor impacts and regional geographic
spread. Previous studies have examined the utility of Google
Trendsto monitor infectious diseases such asinfluenza, dengue,
Lyme disease, and COVID-19 [6-9]. Search engine data have
the potential to provide efficient and economical enhancement
to the surveillance system established for
STls. Google Trends allows the download of deidentified
search engine data trends, which can beused to investigate
theimplications of trendsin STI-related searchtermsinrelation
to ST rates as well as facilitate disease nowcasting [10]. The
term “nowcasting” refersto devel oping estimates of datain real
time as the true data are being collected [11]. In reference to
STIs, search engine data may provide the ability to determine
trends in real time, which significantly enhances the current
surveillance system [12]. This innovative tool hasthe potential
to enable real—time surveillance of STls, enhance understanding
of changing STI trends, predict outbreaks, and increase the
flexibility of the current system [3]. However, few studies, to

http://publichealth,jmir.org/2020/4/e20588/
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date, have used Google Trends to predict or forecast disease.
In a 2018 review, only 8.7% (9/104) of studies using Google
Trends for infodemiology included predictions or forecasting
[13].

We build on our previous study, which found that Google search
trend volume was positively and statistically significantly
correlated with reported annual rates of STIs at the state level
[12]. In this study, we develop and train a predictive model
using reported STI morbidity datafrom the Chicago Department
of Public Health (CDPH), and we investigate the predictive
capacity, timeliness, and ability to target interventions using
Google Trends data. Cook County, primarily encompassing
Chicago, isalarge, diversejurisdiction with the second highest
case counts (second to LA County, California) in the country
for chlamydia, gonorrhea, and primary and secondary syphilis
[2]. In conjunction with this high disease burden, Chicago has
high internet penetration [14], making it a suitable city for
testing our model [15].

Methods

A deidentified data set containing weekly STI case data for
chlamydia, gonorrhea, and primary and secondary syphilis for
2011-2017 was obtained from the CDPH. The Institutional
Review Board at the CDPH reviewed and approved the project
proposal as exempt. Gonorrhea and primary and secondary
syphilis have been nationally notifiable infections since 1944,
and chlamydia, since 2010 [16]. The STI case data are
aggregated to weekly counts for each case type (chlamydia,
gonorrhea, and syphilis), with the date assigned based on the
date the sample was obtained for testing. In addition to the STI
diagnosis code, the data set includes race/ethnicity, age, and
birth sex of the cases. Approximately 90% of all chlamydiaand
gonorrhea laboratory test results are reported via electronic
laboratory reporting in real time via the lllinois National
Electronic Disease Surveillance System. Data are deduplicated
on a regular basis via built—in functionality or completed
manually. All gonorrhea— and chlamydia—positive labs reported
within >30 days are considered new cases. Reporting of syphilis
casesissubmitted electronically and managed manually. There
were no specific STI city—wide prevention initiatives during
the time period. The data are considered to be an accurate
reflection of the rates of STlsin the city of Chicago [7].

The performance ability and predictive accuracy of the model
rely on the selection of the search terms. To account for the
breadth of terms that can possibly be used, the top 100 related
search terms were obtained from Google Correlate using the
initial term “std symptoms” [17]. All of the top 100 terms had
correlation coefficients>0.85. After determining the related
search terms, we established an autocrawler with Python [18]
and used it to collect search volume data for each of the terms.

We used Google Health Application Programming Interface
(API) (https://trends.google.com/trends/) data [19], which are
ascaled proportion of the volume of all searches for all terms.
The Google Health API results indicate the proportion of
searches about the terms requested out of all searches that took
placein Chicago per week for thistime range, all multiplied by
aconsistent factor to increase ease of use. We excluded search
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terms with an insufficient search volume (ie, incomplete or
absent search trend results returned by Google). The retrieved
search trend datawere averaged on aweekly basis. None of the
search data in this study contain persona information or
individualized records of Internet search history.

The distributions of each of the STI case counts by week
comprised non—negative count variables. We applied Poisson
regression modelling as dictated by the outcome distribution
and in consideration of the Google Trends data [10]. The
primary equation of the model islog(u) = X, where theresponse
follows a Poisson distribution with parametersincluding mean
H. Coefficient vector b defines a linear combination X, of the
predictors X.

Asthe number of search query termsincreases and exceedsthe
number of observations (in this case, the number of weeks), a
curse-of-dimensionality and small-n-arge-p affect the model.
In addition, many of the query volumes may be zero because
many queriesareirrelevant (ie, assuming sparsity). Regularized
regression schemes, such aslasso and elastic net, can solvethis
problem [11]. We used the elastic net penalty as it completes
automatic variable selection and continuous shrinkage
simultaneously, and it can select from a group of correlated
variables, given the nature of correlated search queries[20].

We used a default parameter setting (10-fold cross validation
for elastic net implementationin MATLAB 2017b to select the
best regularization parameter lambda (A) [21]. The queries
selected for the best A were used asthe final set for the Poisson
regression. We evaluated our approach for different values of
ridge parameter o, starting from .5to 1.0, and we chose the best

Johnson et al

parameter value based on the highest correlation coefficient
between the predicted and actual STI counts.

To estimate the potential time advantage of using the
internet-based search terms, we applied cross-correlation
analysis. Search terms were filtered by applying
cross-correlation analysis to estimate the temporal relationship
between the STI cases and I nternet search volume derived from
each term. The results were obtained as product-moment
correlations between the 2 time series. The advantage of using
cross-correlationisthat it accountsfor time dependence between
2 time series variables. The time dependence between 2
variables is termed as lag, which indicates the degree and
direction of associations. A lag of —1 or +1 for assessing
correlation implies that the Google Trend data have shifted
backward or forward by 1 week from the CDPH data
Cross-correlation analysis al so reduces spurious correlationsin
the subsequent regression analysis by excluding irrelevant
Internet search trends. Those search terms that lacked
statistically significant correlations or adefinitetimelag or lead
pattern were excluded. We measured our performance by using
the following metrics between the predicted and actual STI
counts. Pearson correlation r and mean absolute error (MAE).

Results

Epidemiologic Overview
From 2011 to 2017, there were 170,368 reported cases of

chlamydia, 65,224 reported cases of gonorrhea and 4278
reported cases of syphilis (Table 1).

Table 1. Demographic characteristics and number of laboratory—confirmed reported cases of chlamydia, gonorrhea, and syphilis by year for Chicago,

IL.

Characteristics Chlamydia, n (%)

Gonorrhea, n (%) Syphilis, n (%)

Median age (years) 22
Sex, n (%)
Male 66512 (33.63)
Female 131255 (66.36)
Race, n (%)
White 68687 (36.55)
Black 107631 (57.27)
Other 11594 (6.17)

Cases by year, n (%)

2011 27686 (75.07)
2012 27729 (73.23)
2013 27325 (74.18)
2014 26990 (76.07)
2015 28256 (76.67)
2016 29776 (71.87)
2017 30292 (70.75)

23 31
36282 (55.74) 2426 (74.39)
28800 (44.26) 835 (25.61)
20117 (31.82) 1965 (42.31)
41003 (64.86) 2246 (48.36)
2096 (3.31) 433(9.32)
8533 (23.14) 658 (1.70)
9551 (25.224) 585 (1.50)
8889 (24.23) 618 (1.60)
7845 (22.11) 643 (1.80)
7840 (21.27) 758 (2.05)
10836 (26.15) 813 (1.96)
11730 (27.40) 788 (1.84)
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Prediction

We evaluated the predictions of STI casesfrom the search terms
for 5 consecutive annual periodsfrom 2011 to 2017 using elastic
net regression. Table 2 enumerates the performance results for
themodel for years 2011 to 2017. For gonorrheaand chlamydia,
actual and predicted ST values correlated moderately in 2011
(chlamydia: r=0.65; gonorrhea: r=0.72) but correlated highly
(chlamydia: r=0.85-0.94; gonorrhea: r=0.82-0.90) from 2012
to 2017. However, for primary and secondary syphilis, the high
correlation was observed only for 2012 (0.79), 2013 (0.77),
2016 (0.80), and 2017 (0.84), with 2011, 2014, and 2015
showing moderate correlations (0.55-0.70). Though all the
Pearson correlation coefficients were significant, MAE ranged

Table 2. Model prediction performance. P<.001 for all r values.

Johnson et al

from 1.55%-3.02% for primary and secondary syphilis,
7.95%-19.04% for gonorrhea, and 17.04%-37.98% for
chlamydia. Considering the high correlation in conjunction with
the low MAE, the model performed the best for gonorrhea.
Figures 1-3 present the graphical comparisons between the
predicted and actual ST valuesfor theyear 2017 for gonorrhea,
chlamydia, and syphilis. The search terms that appeared most
frequently across all 3 diseases were “std symptoms in men,”
“gonorrhea in men,” “yellow discharge” “white creamy
discharge,” “week pregnant,” and “white discharge.” All of the
most common search terms relate to STI terminology,
symptomology, or pregnancy (indicator of exposureto STI via
condoml ess sex).

”oow

Year Gonorrhea Chlamydia Primary and secondary syphilis
r MAE? (%) r MAE (%) r MAE (%)
2011 0.72 12.56 0.65 36.12 0.70 2.50
2012 0.86 11.56 0.85 25.34 0.79 155
2013 0.88 19.04 0.94 37.98 0.77 224
2014 0.82 10.28 0.92 20.01 0.56 227
2015 0.85 8.27 0.87 23.27 0.55 3.02
2016 0.89 7.95 0.93 17.04 0.70 245
2017 0.90 10.23 0.91 22.26 0.79 194

3MAE: Mean absolute error.

Figure 1. Graphical comparison between actual and predicted number of gonorrhea cases for 2017.
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Figure 2. Graphical comparison between the actual and predicted number of chlamydia cases for 2017.
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Figure 3. Graphical comparison between the actual and predicted number of syphilis cases for 2017.
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Subgroup Analyses

Following the same elastic net regression procedures, we
developed separate models for the race (Black vs Nonblack),
sex (male vs female), and age (<30 vs =30) subgroups. All the
subgroup models across al years and al diseases (gonorrhea,
chlamydia, and syphilis) performed optimally, showing high
correlation values and low MAES (see Multimedia Appendix
1). Toillustrate performance, Tables 3-5 provide the results of

http://publichealth,jmir.org/2020/4/e20588/
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elastic net regression for subgroup analyses for race, sex, and
agefor the gonorrhea case datafor each year from 2011 to 2017.
The subgroup models showed either similar or better
performance than the full models across diseases and years: the
correlations were high across subgroups of race, gender, and
age (0.82-0.98), while the MAEs were low (2.67%-11.54%).
The most frequent search terms for all 3 STIs for the category
“Black” were “chlamydiatreatment,” “signs of STD,” “smelly
discharge,” “can pregnant,” and “creamy white discharge”
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Table 3. Subgroup (race) prediction performance for gonorrhea. P<.001 for all r values.

Year Black Nonblack
r MAE? (%) r MAE (%)
2011 0.89 6.41 0.92 2.67
2012 0.85 8.81 0.89 3.70
2013 0.92 11.54 0.93 5.15
2014 0.82 6.22 0.85 6.56
2015 0.90 454 0.84 5.86
2016 0.84 5.49 0.93 1.94
2017 0.92 4.6 0.91 271
3 AE: Mean absol ute error.
Table 4. Subgroup (gender) prediction performance for gonorrhea. P<.001 for all r values.
Year Male Female
r MAE? (%) r MAE (%)
2011 0.88 473 0.92 2.67
2012 0.93 4.0 0.89 3.70
2013 0.96 5.25 0.93 5.15
2014 0.94 4.26 0.85 6.56
2015 0.93 3.94 0.84 5.86
2016 0.92 5.70 0.88 412
2017 0.91 6.13 0.90 3.92
3 AE: Mean absol ute error.
Table 5. Subgroup (age) prediction performance for gonorrhea. P<.001 for &l r values.
Year Lessthan 30 years 30 years and above
r MAE? (%) r MAE (%)
2011 0.83 9.15 0.81 317
2012 0.91 7.67 0.81 313
2013 0.97 7.59 0.86 4.42
2014 0.90 7.25 0.80 2.87
2015 0.98 2.30 0.87 2.78
2016 0.98 1.98 0.91 3.56
2017 0.91 7.22 0.83 3.92

3MAE: Mean absolute error.

Cross-Correlation Analysis

First, we conducted a cross-correlation analysis to identify the
temporal relationship between the STI data and search terms
(ie, a lag or lead pattern). Table 6 shows the results for
chlamydia in the year 2017. The remaining results of the
cross-correlation analysis on the search terms for each disease
from 2012 to 2017 are included in Multimedia Appendix 2.
Trends for the search terms “feel pregnant” (r=—0.28, P=.04),
“treatment for chlamydia’ (r=0.35, P=.01), “std” (r=—0.33,

http://publichealth,jmir.org/2020/4/e20588/

RenderX

P=.02), “two weeks’ (r=0.28, P=.04), “crabs std” (r=0.36,
P=.02), and “bleeding after period” (r=—0.32) coincided with
the gonorrhea data in 2015. Weekly case counts of gonorrhea
were preceded by 1 week by the trends of the following search
terms: “does chlamydia’ (r=—0.34, P=.01), “std symptoms in
women” (r=0.31, P=.02), “gonorrhea’ (r=—0.28, P=.04), and
“after period” (r=-0.31, P=.02). The trends of the following
search terms were correlated with the case counts of gonorrhea
1 week later: “wine while pregnant” (r=0.29, P=.04) and “talk
to women” (r=—0.30, P=.03).
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Table 6. Cross-correlation coefficients of reported cases of chlamydia using search term trend data for 20172,
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Search terms Lags (week)
-1 0 1

Internet search termsthat preceded gonorrhea case counts by 1 week

does chlamydia -0.34° (P=.01) 0.01 0.001

std symptoms in women -0.31° (P=.02) -0.04 0.16

gonorrhea -0.28° (P=.04) 0.07 0.11

samuel | jackson movies 0.29° (P=.04) -0.18 0.04

after period _031P (P=.02) 0.09 -0.04
Internet search termsthat coincided with gonorrhea case counts

treatment for chlamydia 0.00 -0.35° (P=.01) 0.06

ablack eye -0.11 _0.28° (P=.04) 0.12

sd 0.09 0.33° (P=.02) 0.12

two weeks -0.04 0.28° (P=.04) 0.08

crabs std 0.03 -0.36° (P=.01) 0.003

feel pregnant -0.12 -0.28° (P=.04) -0.15

bleeding after period -0.09 -0.32° (P=.02) -0.005
Internet search termsthat lagged gonorrhea case counts by 1 week

wine while pregnant -0.10 -0.24 0.29P (P=.04)

talk to women -0.06 0.09 -0.30° (P=.03)

@0nly significant cross-correlation coefficient values are shown in this table.

byalues indicate the maximum cross-correlation coefficient.

A separate regression anaysisincluding only those search terms
that coincided with and preceded the STI data by 2 weeks (ie,
based on the results of the cross-correlation analysis in Table
7) was al so conducted for recent years. The correl ations between

the actual and predicted cases of gonorrhea, chlamydia, and
primary and secondary syphilis case counts are shown in Table
7.

Table 7. Correlations between actual and predicted cases of STlsfor 2015-2017. P<.001 for al r values.

Year Gonorrhea Chlamydia Primary and secondary syphilis

r MAE? (%) r MAE (%) r MAE (%)
2015 0.60 12.35 0.66 32.22 0.59 294
2016 0.67 13.97 0.77 28.75 0.57 2.95
2017 0.46 21.49 0.65 37.98 0.52 271

3MAE: mean absolute error.

Discussion

Findings

We performed a series of analyses to determine the predictive
ability, timeliness, and performance of the Google Trends
subgroupsfor the STI cases. The models performed consistently
well overal across all diseases and time periods, showing
moderate-to-high predictive power and low-to-moderate error.
Applied nowcasting does not need to perform perfectly but must
bereliable and consistent to inform disease control and response.

http://publichealth,jmir.org/2020/4/e20588/
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Asillustrated by the analyses of the Google Trendsfor influenza
surveillance, the predictive performance of search volume may
vary by disease, location, and over time [22,23]. However,
variability is to be expected, and uniform success is not
necessary for application in a surveillance setting. Google Flu
Trends operated from 2008 to August 2015 and showed varying
accuracy for predicting real—time outbreaks of influenza using
Google search terms[24]. Google Flu Trends demonstrated that
internet—based search term surveillance should not be used as
astandalone surveillance system dueto the existence of temporal
and geographic variability; however, traditional surveillance
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systems could benefit by incorporating internet search term
query data[24].

Our models were able to nowcast within a 1-week time frame,
asubstantial improvement from the delays observed when using
traditional STI surveillance data. Further work is needed to
determine threshol ds for response, including determining what
level of increase in case volume indicates a public health
response and to what intensity. For example, ajurisdiction may
decide that 10%, 20%, and 30% increases in search trend
volumes may trigger a low intensity response (eg, provider
awareness), public awareness, and active screening campaigns,
respectively. Each of these thresholds and response activities
need to be refined by local heath departments based on
epidemiologic trends and health department resources, but given
the opportunity for real-time surveillance, and thus timely
decision making and response provision, these efforts become
urgent.

The ability to target prevention and control efforts to impacted
subgroupsisof great utility for public health efforts. Our model
subgroup analyses performed better than or as efficiently asthe
aggregate models, demonstrating the ability to monitor trends
in subgroups. These analyses were limited to the data available
from our local heath department; future studies should be
conducted to refine and enhance subgroup performance. For
example, control techniques may be influenced by outbreaks
in specific neighborhoods; therefore, determining models fit
for geographical subgroups (eg, community area and zip code)
would be beneficial. Further, the analyses were conducted on
retrospective data and involved using final cleaned surveillance
data sets; future studies should be conducted prospectively in
real time.

The search terms that most strongly correlated with the case
counts for all 3 diseases were “std symptoms,” “gonorrhea in
men,” “yellow discharge,” “white creamy discharge,” “week
pregnant,” “yellow discharge,” and “white discharge” All of
these terms appear to berelated to ST1 symptoms and arelikely
to be generated by those exposed to STIs (or cases). In a
previous study, we established that those exposed to STIs are
likely generating symptom-related search terms; we compared
2 different sexually active popul ations and found that compared
to the student sample, agreater proportion of the clinical sample
used theterm “ STD symptoms” or conducted symptom-related
searches (47% vs 17%, P<.01) [17].

Google Trends supports credibility and transparency because
these data are openly available, and our analyses are replicable
by other investigators (see Multimedia Appendix 3). Further,
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search volume data access via Google Trends has remained
continuously available since 2008 [10]. This study only used 1
source of open data; future studies could incorporate multiple
sources of open source data to determine if data triangulation
improves performance.

An evaluation of 8 state-wide health systemsin North Carolina
compared International Classification of Diseases-9 codesto a
broad range of reported cases of notifiable communicable
diseases, and showed that completeness of reporting ranged
from 0% to 82% depending on the particul ar disease [25]. Thus
a heightened degree of underreporting may lead to increasing
error when using atool such as Google Trendsto predict disease.
Audits of diagnoseswould be necessary to estimate the amount
of underreporting and potentially account for this issue in
analyses. We did not find audits of STI underreporting in the
published literature; based on our experiencein ST surveillance,
we estimate that of the 3 STIs under surveillance, syphilis may
bethe least likely to be underreported due to greater awareness
among providers, given the severity of its clinical presentation
(eg, lesions, generalized body rash, and neurosyphilis) and
relatively infrequency.

Limitations

Theresults of this study must be interpreted with the following
limitations in mind. This study used STI case data from 1
jurisdiction in the United States; thus, it is unknown how
nowcasting will function in other jurisdictions with different
disease trends and search trend volumes. Future studies should
include a representative selection of jurisdictions with high
disease burdensand internet penetration. Our subgroup analysis
was limited by the characteristicsincluded in the STI case data
available from the health department and did not include
indicators such as zip code, community area, and socioeconomic
status; therefore, we were not able to determine the impact of
an analysiswith these characteristics on target resources. Finaly,
our study used Google API, whichiscurrently limited by Google
to approved research institutions only, thus limiting the
replication of the results to those who have API access.

Conclusion

Thisis the first study to examine the utility of Google Trends
search volumesto predict STI casesat acity level. Future studies
should replicate procedures for other US jurisdictions and
prospectively examine model performance while developing
tolerance levelsfor fal se positives. I ntegrating nowcasting with
Google Trendsin surveillance activities can potentially enhance
the timeliness of outbreak detection and response.
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Multimedia Appendix 1
Subgroup analysis.
[DOCX File, 20 KB - publichealth v6i4€20588_appl.docx ]

Multimedia Appendix 2
MATLAB code.
[TXT File, 2 KB - publichealth_v6i4e20588 app2.txt ]

Multimedia Appendix 3
R code.

[TXT File, 1 KB - publichealth_v6i4e20588 app3.txt ]

References

1.  Centersfor Disease Control and Prevention. Sexually Transmitted Disease Surveillance 2017. URL: https.//www.cdc.gov/
std/stats17/default.htm [accessed 2020-08-15]

2. Centersfor Disease Control and Prevention. Sexually Transmitted Disease Surveillance 2018. URL : https.//www.cdc.gov/
std/stats18/default.htm [accessed 2020-08-01]

3. Van Beneden CA, Lynfield RU. Public health surveillance for infectious diseases. Principles and practice of public health
surveillance. United Kingdom: Oxford University Press; 2010:236-254.

4.  Panter |, Revere D, Gibson PJ, Baseman J. Leveraging public health's participation in a Health Information Exchange to
improve communicable disease reporting. Online J Public Health Inform 2017 Sep 08;9(2):€186 [FREE Full text] [doi:
10.5210/0jphi.v9i2.8001] [Medline: 29026452]

5. Eysenbach G. Websites on screening for breast cancer: "infodemiology" studies have surely had their day. BMJ 2004 Mar
27,328(7442):769-770. [doi: 10.1136/bm|.328.7442.769-b] [Medline: 15044306]

6.  Sousa-Pinto B, Anto A, Czarlewski W, Anto JM, Fonseca JA, Bousqguet J. Assessment of the impact of media coverage
on COVID-19-related Google Trends data: Infodemiology study. J Med Internet Res 2020 Aug 10;22(8):e19611 [FREE
Full text] [doi: 10.2196/19611] [Medline: 32530816]

7. SamarasL, Garcia-Barriocanal E, SiciliaM. Syndromic surveillance models using web data: The case of influenzain
Greece and Italy using Google Trends. IMIR Public Health Surveill 2017 Nov 20;3(4):€90 [FREE Full text] [doi:
10.2196/publichealth.8015] [Medline: 29158208]

8.  Syamsuddin M, Fakhruddin M, Sahetapy-Engel JTM, Soewono E. Causality analysis of Google Trends and dengue incidence
in Bandung, Indonesiawith linkage of digital data modeling: Longitudinal observational study. JMed Internet Res 2020
Jul 24;22(7):€17633 [FREE Full text] [doi: 10.2196/17633] [Medline: 32706682]

9. Pesdld S, Virtanen MJ, Sane J, Mustonen P, Kaila M, Helve O. Health information-seeking patterns of the general public
and indications for disease surveillance: Register-based study using lyme disease. IMIR Public Health Surveill 2017 Nov
06;3(4):e86 [FREE Full text] [doi: 10.2196/publichealth.8306] [Medline: 29109071]

10. Google. Trends Help. URL: https.//support.google.com/trends#topi c=6248052 [accessed 2019-05-13]

11. LamposV, Miller AC, Crossan S, Stefansen C. Advances in howcasting influenza-like illness rates using search query
logs. Sci Rep 2015 Aug 03;5(1):12760 [FREE Full text] [doi: 10.1038/srepl2760] [Medline: 26234783]

12.  Johnson AK, Mehta SD. A comparison of internet search trends and sexually transmitted infection rates using Google
Trends. Sexually Transmitted Diseases 2014;41(1):61-63. [doi: 10.1097/0lg.0000000000000065]

13. Mavragani A, OchoaG, Tsagarakis KP. Assessing the methods, tools, and statistical approachesin Google Trends research:
Systematic review. J Med Internet Res 2018 Nov 06;20(11):e270 [FREE Full text] [doi: 10.2196/jmir.9366] [Medline:
30401664]

14. United States Census Bureau. American Community Survey (ACS). URL: https://www.census.gov/programs-surveys/acs
[accessed 2020-08-15]

15. Chicago Department of Public Health. HIV/STI Surveillance Report. 2017. URL: https://www.chicago.gov/content/dam/
city/depts/cdph/HIV_STI/HIV_STISurveillanceReport2016_12012017.pdf [accessed 2020-10-09]

16. Centersfor Disease Control and Prevention. National Notifiable Diseases Surveillance System (NNDSS). URL: https:/
/wwwhn.cdc.gov/nndss/conditions/notifiable/2018/ [accessed 2020-08-14]

17. Johnson AK, Mikati T, Mehta SD. Examining the themes of STD-related Internet searchesto increase specificity of disease
forecasting using Internet search terms. Sci Rep 2016 Nov 09;6(1):36503 [FREE Full text] [doi: 10.1038/srep36503]
[Medline: 27827386]

18. Rossum GV. The Python Language Reference. The Python Language Reference, Python Software Foundation 2018. [doi:
10.1201/9781584889304.axd]

19. Google Trends. Explorewhat theworld is searching. URL : https://trends.google.com/trends/?geo=US[accessed 2020-08-14]

20. ZouH,HastieT. Regularization and variable sel ection viathe elastic net. JRoyal Statistical Soc B 2005 Apr;67(2):301-320.

[doi: 10.1111/j.1467-9868.2005.00503.X]

http://publicheal th.jmir.org/2020/4/e20588/ JMIR Public Health Surveill 2020 | vol. 6 | iss. 4 [e20588 | p.76
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app1.docx&filename=02f012fc5b5b21bf78b23eb9cf8e2fc9.docx
https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app1.docx&filename=02f012fc5b5b21bf78b23eb9cf8e2fc9.docx
https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app2.txt&filename=91fdd1ae94edf8075718d555fcde306d.txt
https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app2.txt&filename=91fdd1ae94edf8075718d555fcde306d.txt
https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app3.txt&filename=5a5ec8078a75010a1f1748e5b427edcd.txt
https://jmir.org/api/download?alt_name=publichealth_v6i4e20588_app3.txt&filename=5a5ec8078a75010a1f1748e5b427edcd.txt
https://www.cdc.gov/std/stats17/default.htm
https://www.cdc.gov/std/stats17/default.htm
https://www.cdc.gov/std/stats18/default.htm
https://www.cdc.gov/std/stats18/default.htm
http://europepmc.org/abstract/MED/29026452
http://dx.doi.org/10.5210/ojphi.v9i2.8001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29026452&dopt=Abstract
http://dx.doi.org/10.1136/bmj.328.7442.769-b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15044306&dopt=Abstract
https://www.jmir.org/2020/8/e19611/
https://www.jmir.org/2020/8/e19611/
http://dx.doi.org/10.2196/19611
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32530816&dopt=Abstract
https://publichealth.jmir.org/2017/4/e90/
http://dx.doi.org/10.2196/publichealth.8015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29158208&dopt=Abstract
https://www.jmir.org/2020/7/e17633/
http://dx.doi.org/10.2196/17633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32706682&dopt=Abstract
https://publichealth.jmir.org/2017/4/e86/
http://dx.doi.org/10.2196/publichealth.8306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29109071&dopt=Abstract
https://support.google.com/trends#topic=6248052
https://doi.org/10.1038/srep12760
http://dx.doi.org/10.1038/srep12760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26234783&dopt=Abstract
http://dx.doi.org/10.1097/olq.0000000000000065
https://www.jmir.org/2018/11/e270/
http://dx.doi.org/10.2196/jmir.9366
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30401664&dopt=Abstract
https://www.census.gov/programs-surveys/acs
https://www.chicago.gov/content/dam/city/depts/cdph/HIV_STI/HIV_STISurveillanceReport2016_12012017.pdf
https://www.chicago.gov/content/dam/city/depts/cdph/HIV_STI/HIV_STISurveillanceReport2016_12012017.pdf
https://wwwn.cdc.gov/nndss/conditions/notifiable/2018/
https://wwwn.cdc.gov/nndss/conditions/notifiable/2018/
https://doi.org/10.1038/srep36503
http://dx.doi.org/10.1038/srep36503
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27827386&dopt=Abstract
http://dx.doi.org/10.1201/9781584889304.axd
https://trends.google.com/trends/?geo=US
http://dx.doi.org/10.1111/j.1467-9868.2005.00503.x
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Johnson et al

21.

22.

23.

24,

25.

Grant M, Boyd S, Ye Y. MATLAB software for disciplined convex programming. In: Nonconvex Optimization and Its
Applications. Switzerland: Springer Link; 2009:155-210.

Carneiro H, Mylonakis E. Google trends: a web-based tool for real-time surveillance of disease outbreaks. Clin Infect Dis
2009 Nov 15;49(10):1557-1564. [doi: 10.1086/630200] [Medline: 19845471]

PreisT, Moat HS. Adaptive nowcasting of influenza outbreaks using Google searches. R Soc Open Sci 2014 Oct;1(2):140095.
[doi: 10.1098/rs0s.140095] [Medline: 26064532]

Klembczyk JJ, Jalalpour M, Levin S, Washington RE, Pines JM, Rothman RE, et a. Google flu trends spatial variability
validated against emergency department influenza-related visits. JMed Internet Res 2016 Jun 28;18(6):e175 [FREE Full
text] [doi: 10.2196/jmir.5585] [Medline: 27354313]

Sickbert-Bennett EE, Weber DJ, Poole C, MacDonald PD, Maillard J. Completeness of communicable disease reporting,
North Carolina, USA, 1995-1997 and 2000-2006. Emerg. Infect. Dis 2011 Jan;17(1):23-29. [doi: 10.3201/eid1701.100660]

Abbreviations

API: application programming interface
CDPH: Chicago Department of Public Health
MAE: mean absolute error

STI: sexually transmitted infection

Edited by G Eysenbach; submitted 22.05.20; peer-reviewed by KA Nguyen, J Soriano; comments to author 06.07.20; revised version
received 26.08.20; accepted 01.09.20; published 05.11.20.

Please cite as:

Johnson AK, Bhaumik R, Tabidze |, Mehta SD

Nowcasting Sexually Transmitted Infectionsin Chicago: Predictive Modeling and Evaluation Sudy Using Google Trends
JMIR Public Health Surveill 2020;6(4): 20588

URL: http://publichealth.jmir.org/2020/4/e20588/

doi: 10.2196/20588

PMID: 33151162

©Amy Kristen Johnson, Runa Bhaumik, Irina Tabidze, Supriya D Mehta. Originally published in IMIR Public Health and
Surveillance (http://publichealth.jmir.org), 05.11.2020. Thisis an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Public Health and Surveillance, is properly
cited. The complete bibliographic information, a link to the original publication on http://publichealth.jmir.org, as well as this
copyright and license information must be included.

http://publicheal th.jmir.org/2020/4/e20588/ JMIR Public Health Surveill 2020 | vol. 6 | iss. 4 [e20588 | p.77

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1086/630200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19845471&dopt=Abstract
http://dx.doi.org/10.1098/rsos.140095
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26064532&dopt=Abstract
https://www.jmir.org/2016/6/e175/
https://www.jmir.org/2016/6/e175/
http://dx.doi.org/10.2196/jmir.5585
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27354313&dopt=Abstract
http://dx.doi.org/10.3201/eid1701.100660
http://publichealth.jmir.org/2020/4/e20588/
http://dx.doi.org/10.2196/20588
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33151162&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Singh et &

Review

Social Media as a Research Tool (SMaaRT) for Risky Behavior
Analytics: Methodological Review

Tavleen Singh', MS; Kirk Roberts', PhD; Trevor Cohen?, MBChB, PhD; Nathan Cobb®, MD; Jing Wang’, RNC,
MPH, PhD, FAAN; Kayo Fujimoto®, PhD; Sahiti Myneni®, MSE, PhD

1school of Biomedical Informatics, The University of Texas Health Science Center, Houston, TX, United States
%Biomedical Informatics and Medical Education, University of Washington, Seattle, WA, United States
3Georg':—ztown University Medical Center, Washington, DC, United States

4School of Nursi ng, The University of Texas Health Science Center, San Antonio, TX, United States

Sschool of Public Health, The University of Texas Health Science Center, Houston, TX, United States

Corresponding Author:

Tavleen Singh, MS

School of Biomedical Informatics

The University of Texas Health Science Center
7000 Fannin Street

Suite 600

Houston, TX, 77030

United States

Phone: 1 713 500 3900

Email: tavleen.kaur.ranjit.singh@uth.tmc.edu

Abstract

Background: Modifiable risky health behaviors, such astobacco use, excessive alcohol use, being overweight, lack of physical
activity, and unhealthy eating habits, are some of the major factorsfor devel oping chronic health conditions. Social mediaplatforms
have become indispensable means of communication in the digital era. They provide an opportunity for individuals to express
themselves, as well as share their health-related concerns with peers and health care providers, with respect to risky behaviors.
Such peer interactions can be utilized as val uabl e data sourcesto better understand inter-and intrapersonal psychosocial mediators
and the mechanisms of social influence that drive behavior change.

Objective: The objective of thisreview is to summarize computational and quantitative techniques facilitating the analysis of
data generated through peer interactions pertaining to risky health behaviors on social media platforms.

Methods: We performed a systematic review of the literature in September 2020 by searching three databases—PubMed, Web
of Science, and Scopus—using relevant keywords, such as “social media,” “online health communities,” “machine learning,”
“datamining,” etc. The reporting of the studies was directed by the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines. Two reviewers independently assessed the eligibility of studies based on the inclusion and
exclusion criteria. We extracted the required information from the selected studies.

Results: Theinitial search returned atotal of 1554 studies, and after careful analysis of titles, abstracts, and full texts, atotal of
64 studies were included in this review. We extracted the following key characteristics from all of the studies: social media
platform used for conducting the study, risky health behavior studied, the number of postsanalyzed, study focus, key methodol ogical
functions and tools used for data analysis, evaluation metrics used, and summary of the key findings. The most commonly used
social mediaplatform was Twitter, followed by Facebook, QuitNet, and Reddit. The most commonly studied risky health behavior
was nicotine use, followed by drug or substance abuse and alcohol use. Various supervised and unsupervised machine learning
approaches were used for analyzing textual data generated from online peer interactions. Few studies utilized deep learning
methods for analyzing textual data as well as image or video data. Social network analysis was aso performed, as reported in
some studies.

Conclusions: Our review consolidates the methodol ogical underpinnings for analyzing risky health behaviors and has enhanced
our understanding of how social media can be leveraged for nuanced behavioral modeling and representation. The knowledge
gained from our review can serve as a foundational component for the development of persuasive health communication and
effective behavior modification technologies aimed at the individual and population levels.
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Introduction

Modifiable risky health behaviors, such as tobacco use,
excessive alcohol use, being overweight, lack of physical
activity, and unhealthy eating habits, are some of the major
factors for developing chronic health conditions [1]. Chronic
health conditions, such as cancer and heart disease, lead to
approximately 1.5 million deaths per year in the United States
[2]. These chronic health conditions together with diabetes are
also responsible for nearly US $3.5 trillion in annual economic
costs; hence, it becomes crucia to prevent and/or efficiently
manage such conditions [2]. Behavior modification is pivotal
for managing chronic heath conditions, and a range of
psychological and social processes have been shown to influence
the engagement of an individual in the adoption of positive
healthy behaviors [3,4]. Traditionally, the methods used for
measuring and studying health-rel ated behaviorsin populations
include telephone or internet-based surveys [5], motivational
interviews[6], commercia wearablesand smartphone apps[7],
and ecological momentary assessment [8].

Recently, social media has emerged as a viable platform for
studying and analyzing health-rel ated behaviors and promoting
behavior change[9]. Thefield of infodemiology [10] examines
the determinants and distribution of health information in the
electronic medium (eg, socia media and internet) for public
health purposes: preventing diseases via predictive modeling
[11-13], informing policy regulations[14], assessing the quality
of health information on websites [15], and analyzing the
health-related behaviors of individuals [16-18]. The recent
COVID-19 pandemic has also shown how analyzing
communication on such platforms can provide insightsinto the
attitudes and behaviors of individuals as well as health care
providers[19,20].

Social media, through its various mobile and web-based
technologies, providesinteractive platformsfor individualsand
communities to share, create, modify, and discuss content in
theform of ideas, messages, or information [21]. In recent years,
the penetration of social media platforms has increased in all
spheresof life. According to the Global Digital Report of 2019,
there are about 3.5 billion active social media users throughout
the world, with Facebook being the most dominant social
networking website. More than two-thirds of the world's
population use amobile device, mostly a smartphone. Powered
by these connected devices, many older adults as well as
teenagers have also started incorporating social mediainto their
daily routines [22].

Consequently, social media has become an important part of
the public health landscape, given that these platforms are
increasingly being used by health care consumers for gaining
knowledge on a variety of health-related topics as well as for
interacting with their peers and health care providersto garner

http://publichealth.jmir.org/2020/4/21660/

social support, mostly informational and emotional in nature
[23,24]. These platforms are widely used by hedalth care
consumers to (1) meet their health-related goals [25] and (2)
adopt positive health behaviors [26,27]. Research has shown
that an individual is more likely to comply with health-related
goals and adhere to preventive practices provided their social
ties also engage in similar behaviors [28,29]. The major
advantages of using such platforms over standard approaches
for studying and analyzing health promotion and behavior
changeinclude their ability to reach awider and less accessible
audience, cost-effective recruitment of participantsfor research,
and their round-the-clock accessibility viamobile and web-based
connections [30]. These platforms can leverage group norms;
thus, behavior changeinterventionsimplemented through these
platforms have the potential to make asignificant impact through
widespread diffusion of preventive programs to meet the needs
of individuals, communities, and populations.

These online platforms can be broadly classified into two major
categories: (1) open socia media platforms (eg, Facebook,
Twitter, and Reddit), which are generic platforms used for
networking, information sharing, and collaboration, and (2)
intentionally designed health-related social media platforms
(eg, QuitNet [31] and BecomeAnEX.org [32]), which focuson
providing health-specific support to its members. Even though
open socia mediaplatforms provide opportunitiesfor large-scale
inferences about behaviors of individuas, they still lack in
providing context-specific interactional observations, for which
weneed to turn to intentionally designed social mediaplatforms
[33]. Depending on whether or not asocial media platform has
a specific focus on health topics, the environmental factors
affecting an individual’s attempt to sustain positive health
changes can greatly vary, thus affecting contextual granularities
that inform the accuracy and reliability of computational and
quantitative data modeling approaches. Despite these
differences, the universal presence of these platforms has led
to the generation of invaluable and large data sets in the form
of electronic traces of peer interactions in the form of text,
images, or videos (eg, traditional forums like Facebook and
YouTube). These data sets capture the attitudes and behaviors
of individuals in near real time and in natural settings as
compared to conventional settings, which involve the presence
of a researcher and are prone to instrument bias [34]. The
analysis of such data sets provides us with an opportunity to
understand the individualistic as well as environmental factors
underlying behavior change, which can eventually guide the
design and development of network interventions for
health-related behavior change [35-37].

Traditiona methods of qualitative data analysis are not
conducive to analyzing large amounts of data generated by
social media platforms. Recent advances in automated text
analysis provide us with suitable methods for analyzing digital
content generated from social mediaplatforms. Thelatest review
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highlights the breakthroughsin computational technol ogiesthat
are currently being applied to thefield of health careintheform
of digitized dataacquisition, machinelearning (ML) techniques,
and computing infrastructure [38]. In addition to advances in
predictive analytics and combinatorial forces from mobile
computing and the internet, participatory social media has
resulted in rich, just-in-time data that can be leveraged to
conduct digital phenotyping of health consumer engagement in
self-management of risky health behaviors.

The objective of thisreview isto summarize computational and
guantitative approaches that highlight the potential of using
social media as a research tool (SMaaRT) to understand the
patterns of inter- and intrapersonal psychosocial factors
associated with the prevention and management of risky health
behaviors. These methodol ogies can provide a comprehensive
understanding of the most common practices, their utility,
limitations, and resulting inferences, thus providing health
researcherswith capabilitiesto better describe health behaviors
at scale. The enhanced understanding from these secondary
analyses can ultimately be infused into the design processes of
effective behavioral interventions through the trandlation of
data-driven insights into practical public health solutions via
scalable techniques, such astailored messaging and persuasive
environment design.

Methods

Overview

We conducted a systematic review of the literature to summarize
the computational and quantitative methods for analyzing social

Textbox 1. Eligibility criteriafor the studies.

Singh et d

media data that have been used to study risky health behaviors.
We followed the guidelines outlined by PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
[39] to retrieve relevant studies.

Literature Search Strategy

We searched theliterature in September 2020, collecting studies
published between 2011 and September 11, 2020. We searched
three different databases—PubMed, Web of Science, and
Scopus—using aspecific set of keywords. Our search keywords
lie at theintersection of two key clusters: social mediaand ML.
We aso included Medical Subject Headings (MeSH) for
relevant keywords to ensure our search was as inclusive as
possible. The search was conducted using the following query:
(“Social Media” [MeSH] OR “socia media” OR “OnlineHealth
Community” OR “Online Health Communities” OR “Online
Social Network” OR “Online Social Networks’ OR “peer to
peer” OR “Peer Influence” [MeSH]) AND (“Machine Learning”
[MeSH] OR “machinelearning” OR “text mining” OR “Natural
Language Processing” [MeSH] OR “natura language
processing” OR “DataMining” [MeSH] OR “datamining” OR
“network models”). In addition, we also examined the reference
lists of studiesthat met our inclusion criteriafor any additional
SOurces.

Inclusion and Exclusion Criteria

The inclusion and exclusion criteria to determine eligibility of
studies for the review are listed in Textbox 1.

Inclusion criteria:

1. Studies conducted original research that was published in a peer-reviewed journal.
2. Studies used English language-based social media platforms (ie, the language of generated content isin the English language).

3. Studiesconducted dataanalysis at scale using computational or quantitative methods like machine learning techniques, network modeling, and/or

visualization techniques.

4.  Studies focused on risky health behaviors, or related attitudes or beliefs, of the patients or health consumers such as nicotine use, acohol use,
drug or substance abuse, physical activity or inactivity patterns, or obesity-related behaviors.

5. Studiesfocused primarily on analyzing textual content from online social media platforms (eg, YouTube comments instead of YouTube videos).

Exclusion criteria

1. Studies described the use of socia media platforms for other purposes (eg, recruitment and data collection).

2. Studies focused on health care providersinstead of patients or health consumers.

3. Studiesfocused on behaviors unrelated to health.

Data Extraction

Two authors (TS and SM) independently assessed the retrieved
studies against the inclusion criteriain two stages. In the first
stage, the authors reviewed the titles and abstracts of all the
retrieved studiesfor their inclusionin full-text screening. In the
second stage, the authors performed the full-text screening of
the relevant studies identified from the first stage for final
inclusion in this review. Disagreements were resolved through

http://publichealth.jmir.org/2020/4/21660/

discussion between the two authors. The interrater agreement,
Cohen k, was calculated at both stages. After screening the
studiesthat met our inclusion criteria, we extracted the relevant
data from the main text, which included the following:

1. Risky health behavior studied, such as nicotine use, a cohol
use, drug or substance abuse, physical activity or inactivity
patterns, obesity-related behaviors, etc.

2. Social media platform used for the study, whether it was
an open socia network, such as Twitter or Facebook, or a
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disease-specific social network, such as QuitNet (ie,
smoking cessation).

3. Number of posts: total number of posts used for analysis
and number of posts used for manual annotations.

4. Study focus: what were the underlying aims of the study
for analyzing risky health behaviors?

5. Key methodol ogical functions and tools; for example, topic
modeling (ie, function) was performed using latent Dirichlet
alocation (LDA) (ie, method).

6. Evaluation metrics used by the study (eg, precision, recall,
and F1 score).

7. Key findings of the study: results obtained after analyzing
the data generated from online peer interactions.

Results

Overview

Theinitia search resulted in atotal of 1554 studies. From these,
we removed 203 studies because of duplication. In the first

Singh et d

stage, we reviewed the titles and abstracts of the remaining
studies to ensure that they met the inclusion and exclusion
criteriafor further thorough analysis. The interrater agreement
at the first stage was 81.37%. After resolving disagreements
through discussion, weinitially excluded 1246 studies that did
not meet the inclusion criteria and included the remaining 105
studiesfor full-text screening in the second stage. Theinterrater
agreement at the second stage was 83.50%. A total of 52 studies
meeting the inclusion criteria were included in the review. We
further identified 12 additional studiesthrough the snowballing
technique that were also included in this review. Thus, atotal
of 64 studies[40-103] were included in thefina review. Of the
studies reviewed, 55 (86%) studies were published from 2016
onward [40-61,68-95,97,98,100-102], while only 9 (14%)
studies were published between 2013 and 2015
[62-67,96,99,103]. None of the studies were published before
2013. Figure 1 shows the PRISMA diagram highlighting the
overall process of selecting the final studies for the review.

Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram for study selection.

Records identified through database search:
PubMed (n=804), Web of Science (n=503), and
Scopus (n=247)

Removed duplicates

g
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Title and abstract screening
(n=1351)
Full-text screening
(n=105)
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(n=64)

Final studies included in the review

‘ Included ‘ ‘ Eligibility H Screening ‘ ‘Identiﬁcatinn‘

The results of our review showed that the focus of social media
analysis has been on a variety of risky health behaviors,
including nicotine use, al cohol use, drug abuse, physical activity
patterns, and obesity-related behaviors. Social mediaplatforms
have been widely used for secondary data analysis as well as
for follow-up anaysis of data generated from active
interventions or campaigns conducted using such platforms.
Multiple computational and quantitative functions and tools
were utilized for analyzing the data generated from online peer
interactions on social media platforms. A detailed exposition
of our results is included in Multimedia Appendix 1, which

http://publichealth.jmir.org/2020/4/21660/

shows the key characteristics of the selected studies grouped
by risky health behaviors and then ordered by year published.

In the following sections, we aggregate the results of our review
to highlight the usage patterns of various social mediaplatforms
for secondary analysis purposes, the prevalence of risky health
behaviors studied on these platforms, and the methodol ogical
tools and functions used to understand these behaviors.

Social Media Platforms

Table 1 [40-103] highlightsthe social media platforms used for
analyzing risky health behaviors. Twitter (39/64, 61%) appeared

JMIR Public Health Surveill 2020 | vol. 6 | iss. 4 |e21660 | p.81
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

to be the most widely utilized social media platform for
analyzing online peer interactions regarding risky health
behaviors, followed by Facebook (6/64, 9%), QuitNet (5/64,
8%), Reddit (5/64, 8%), BecomeAnEXx.org (3/64, 5%), Instagram
(2/64, 3%), Cancer Survivors Network (1/64, 2%), Hello Sunday
Morning blog (1/64, 2%), patient.info/forums (1/64, 2%), and
a peer-to-peer online discussion forum, which is part of a
smartphone app called Addiction—Comprehensive Health
Enhancement Support System (A-CHESS) (1/64, 2%). Out of
64 studies, 1 (2%) analyzed the data from three online forums:
Vapor Talk, Hookah Forum, and Stopsmoking subreddit [62].
A total of 80% (51/64) of the studies utilized open social media
platforms, such as Twitter, Facebook, Instagram, and Reddit
[40-44,47-54,58-61,63,66-83,85,87,88,92-103], while the
remaining 20% (13/64) of the studies utilized specific
health-related online social networks, such as QuitNet,
BecomeAnEX.org, Cancer Survivors Network,
patient.info/forums, Hello Sunday Morning blog, and A-CHESS
online discussion forum [45,46,55-57,62,64,65,84,86,89-91].

Most of the studies that used Twitter astheir data source relied
on Twitter application programming interfaces (APIs) for

Table 1. Social media platforms used by various studies.

Singh et d

extracting the data. The majority of these studies utilized
streaming APIs, which provide a push of the subset of datain
near real time[47,50,51,59,61,70,74,78-81,92,94,95], and some
of these studies also used search APIs, which provide accessto
the data set that consists of tweets that have already occurred
in the past [68,76,82,98,99]. Some studies also used Twitter's
data provider called Gnip [54,59,60,63,92], which guarantees
accessto all thetweetsthat match theresearcher’s criteria. Some
studies did not indicate which specific kind of APl was used
for accessing Twitter's data [40,41,48,66,73,77,88,100,102].
For Reddit, the data were extracted using the following
techniques: (1) the use of Pushshift, whichisapublicly available
archive of Reddit submissions [42], (2) the data set was
downloaded using aweb crawler called Wget [62], (3) the use
of Python Reddit API Wrapper [97], (4) the dataset was rel eased
from the Reddit member [101], and (5) the use of Reddit’s
official API [103]. Thedatafrom Facebook were extracted using
either Facebook’s APl and the Facebook platform’s Python
software devel opment kit [87] or by using the extraction feature
in NVivo (QSR International) [71]. A similar approach was
used for extracting data using Instagram’s API [44,72].

Socia mediaplatforms

Number of studies (N=64), n (%)

Study references

Twitter 39 (61)
Facebook 6(9)
QuitNet 5(8)
Reddit 5(8)
BecomeAnEX.org 3(5)
Instagram 2(3
Hello Sunday Morning blog 1(2
A-CHESS? (online discussion forum) 12
Cancer Survivors Network 1(2
Patient.info/forums 1(2
Vapor Tak, Hookah Forum, and 1(2

Stopsmoking subreddit

[40,41,43,47, 48,50-52, 54,58-61, 63,66-70,73-83,
88,92,94-96,98-100,102]

[49,53,71,85,87,93]
[45,55,56,64,65]
[42,62,97,101,103]
[46,86,91]

[44,72]

[90]

[89]

[57]

[84]

[62]

3Percentages do not add up to 100% due to rounding and one study that used multiple social media platforms.
bA-CHESS: Addi ction—Comprehensive Health Enhancement Support System.

Risky Health Behaviors

Table 2 [40-103] highlights the risky health behaviors studied
and the associated social media platforms leveraged for
conducting the study. The most commonly studied risky health
behavior on social media platforms was related to the use of
nicotine products, with a total of 28 out of 64 (44%) studies
[40-67] focusing on behaviorsrelated to smoking, e-cigarettes,
little cigars, etc. Twitter (16/64, 25%) was widely used for
analyzing such behaviors, followed by QuitNet (5/64, 8%),
Facebook (2/64, 3%), Reddit (1/64, 2%), Instagram (1/64, 2%),
Cancer Survivors Network (1/64, 2%), BecomeAnEX.org (1/64,
2%), and Vapor Talk, Hookah Forum, and Stopsmoking
subreddit (1/64, 2%). The majority of these studieswerefocused
on analyzing members’ behavior or sentiment toward smoking

http://publichealth.jmir.org/2020/4/21660/

products, such as e-cigarettes [42,49,50,52,54,58,59,61-63],
hookah products [43,47,51,62], JUUL or vaping [40,41,44],
and cigars [60], or analyzing sentiments toward smoking in
general [67]. Out of 64 studies, 2 (3%) focused primarily on
socia network analysis: oneto understand how the structure of
social networksinfluence the smoking behaviors of the members
of the community [53], and the other to understand the reach
of an antismoking campaign targeting young individuals [48].
Other studies focused on (1) analyzing member-generated
content to derive common themes or topics of discussionsamong
peers[57,64-66], (2) characterizing behavioral transitionsduring
smoking cessation [45], (3) studying temporal trends of peer
interactions to gain insights into factors underlying smoking
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cessation behavior change [55,56], and (4) predicting smoking
status [46].

Drug or substance abuse was another commonly discussed risky
health behavior on social media platforms, with a total of 14
out of 64 (22%) studies discussing the topic [68-81]. Twitter
(12/64, 19%) again was the most popular platform for studying
drug or substance abuse behaviors, followed by Instagram (1/64,
2%) and Facebook (1/64, 2%). Thefocus areasfor these studies
included prescription drug abuse [68,70,78,81], opioid misuse
[74-77], cannabis and synthetic cannabinoid use [80], and
substance or drug abuse[69,71-73]. One study analyzed multiple
behaviors related to substance abuse, which included alcohol,
smoking, and drug use [79].

Out of 64 studies, 12 (19%) explored the a cohol usage patterns
and abstinence behaviors among members of online health
communities [82-93]. Some of these studies (1) conducted a
thematic analysis of alcohol-related content generated from an
online smoking cessation community [86,91], (2) focused on
analyzing trends of alcohol use behaviora stages [92], (3)
analyzed binge-drinking behaviors [82,83,87], (4) focused on
extracting topics and sentiments related to alcohol use

Table 2. Risky health behaviors and their associated social media platforms.

Singh et d

[84,85,93], and (5) focused on predicting future relapse or
recovery acoholism [88,89]. One study analyzed the content
of a blog that encouraged its members to stop drinking for a
specific period of time and discuss their progress with their
peers [90]. The distribution of platforms used for analyzing
alcohol use behaviorswas quite variable (see Table 2 [40-103]).

Out of 64 studies, 3 (5%) explored the patterns and types of
physical activity engagement among members of the community
[94-96]. All of these studies were conducted using Twitter as
their source of data. Out of 64 studies, 3 (5%) analyzed topics
and themes related to obesity-related behaviors [97-99] using
social mediaplatforms, such as Twitter and Reddit. There were
4 out of 64 (6%) studies [100-103] that studied multiple
behaviors together, such as (1) analyzing obesity and physical
activity—related content in order to get information about the
health status of individuals [100], (2) identifying topics of
discussion related to e-cigarettes and marijuana use [101], and
(3) characterizing tobacco- and alcohol-related behavioral
patterns [102,103]. Out of these 4 studies, 2 (50%) utilized
Twitter [100,102] and 2 (50%) utilized Reddit [101,103] astheir
data source.

Risky health behaviors

Number of studies (N=64), n (%)

Social media platforms and study references

Nicotine use 28 (44)

Drug and substance abuse 14 (22)

Alcohol use

12 (19)

Physicd activity
Obesity-related behaviors

3(5)
3(5)

Multiple behaviors (ie, e-cigarettes and
marijuana, smoking and drinking, and
physical activity and obesity-related behav-
iors)

4(6)

Twitter [40,41,43,47,48,50-52,54,58-61,63,66,67]
QuitNet [45,55,56,64,65]

Facebook [49,53]

Reddit [42]

Instagram [44]

Cancer Survivors Network [57]
BecomeAnEX.org [46]

Vapor Talk, Hookah Forum, and Stopsmoking subreddit [62]
Twitter [68-70,73-81]

Instagram [72]

Facebook [71]

Twitter [82,83,88,92]

Facebook [85,87,93]

Patient.info/forums [84]

BecomeAnEX.org [86,91]

A-CHESS? online discussion forum [89]
Hello Sunday Morning blog [90]

Twitter [94-96]
Reddit [97]
Twitter [98,99]
Twitter [100,102]
Reddit [101,103]

3percentages do not add up to 100 due to rounding.

bA-CHESS: Addi ction—Comprehensive Health Enhancement Support System.
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Methodological Details and Related Tools

The methodological functions used across various studies are
discussed in the following sections, aswell asthe specific tools
used for performing those functions.

Computational Modeling: Feature Extraction

The most commonly extracted features were n-grams (eg,
unigrams, bigrams, and trigrams) [40,44,46,47,58,59, 63,66,
67, 70,74, 75, 80-82,86, 91,92,96, 99,100,102,103]. In addition
to that, some studies also made use of additional features like
count vectors[41], term frequency—i nverse document frequency
vectors  [41,63,80,82,86,87,91,92,100], language-based
covariates [42], number of hashtags [44], number of hashtags
containing specific strings[44], usernames[44], part of speech
tags [59], sentiment scores [59,68], presence of specific terms
in usernames [59], domain-specific features [46], Doc2Vec
features[46], author-based features[46], thread-based features
[46], user metadata features [54,82,86,92], derived behavior
features (eg, unique keyword count in original tweets, unique
keyword count in hashtagsin original tweets, etc) [54], personal
noun [68], nonmedical use terms [68], medical use terms[68],
side-effect terms[68], presence of aURL [68], abuseindication
terms [73-75,81], drug-slang lexicon [73,81], synonym
expansion features using WordNet [ 73,81], word cluster features
[73-75,81], features based on behavior coping styles[88], social
factors [88], age [88], and image-based features [72]. Some
studies used feature selection techniques, such as SelectK Best
[40Q], information gain [66], and the chi-sgquare test [80]. One
study performed evaluation of relevant features for each
classifier using a technique called SHAP (SHapley Additive
exPlanations) [41].

Computational Modeling: Classification Techniques

Traditional ML Classifiers

Most of the studies utilized supervised ML classifiers for text
analysisto perform either predictive modeling, behavioral stage
modeling, or content analysis. The classifiers used acrossvarious
studies included support vector machine (SVM)
[51,54,66,67,70,73-75,80-82,92,94,100,102], SVM (linear)
[41,44,45,58,60,63,87,102], SVM (radia kernel) [44,68,87],
SVM (polynomial kernel) [46,87], SVM (sigmoaid) [87], logistic
regression (LR) [40,41,44-46,54,58-60,72,80,89,92,94,100,102],
naive Bayes[40,41,46, 52,54,58, 60,63,66, 70,73-75, 80,81,86,
91,100], random forest (RF)
[40,41,45,54,58,70,73-75,82,84,86,91,92,100,102], decision
tree-based classifier (DT) (eg, J48) [46,54,55,74,81,86,91],
k-nearest neighbors (KNN) [54,63,66,74,84], AdaBoost
[46,54,86,91], maximum entropy text classifier [79,81,94,95],
sequential minimal optimization [84], multilayer perceptron
[84], REPTree [88], feed-forward neural network [94], and
gradient boosting [48,54,94]. One study used a supervised
version of LDA called labeled LDA for text classification [87],
while another utilized a supervised learning—based statistical
model called the ridge regression statistica model for
performing the classification task [103]. One study devel oped
atext mining framework to eval uate data quality using asearch
query—based classifier and an eval uation matrix—based classifier
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[69]. One study used RtextToolsin R (The R Foundation) for
automated text classification via supervised learning [43].

One study utilized specialized software for analyzing textual
content generated from online peer interactions, namely,
Leximancer [90]. Few studies used packages in R for text
mining, such as RWeka[43] and tm [43,68,98,99].

Deep L earning Techniques

Out of 64 studies, 6 (9%) used deep learning models for text
classification, such as convolutional neural networks (CNNSs)
[41,70,73-75,100], long short-term memory (LSTM) [41,72],
LSTM-CNN [41], bidirectiona LSTM [41], shallow neura
network [100], and reinforcement neural network—gated
recurrent unit [ 100]. Hassanpour et al [ 72] optimized their deep
learning model through the stochastic gradient descent
optimization algorithm. One study used an ensemble deep
learning model consisting of a word-level CNN and a
character-level CNN [73]. One of these studies a so performed
image classification using image features extracted through a
residual neural network [72], which is a state-of-the-art CNN
architecture for computer vision tasks. Another study [87]
performed image as well as video classification using a neural
network called AlexNet, which is another famous deep CNN
used for computer vision problems.

Word Embeddings. Pretraining

Thefollowing studies used pretraining with word embeddings,
such as globa vectors (GloVe) word vectors (ie, genera
domain) [41], word2vec pretrained on the Wikipedia corpus
[72], and word2vec pretrained using domain-specific corpora
[41,70,74,75]. One study pretrained with the image classifier
model using the ImageNet data repository [72], and in another
study a word-level CNN was pretrained on drug chatter word
embeddings (ie, 400 dimensions) [73].

Empirical Distributional Semantics

Some studies applied distributional semantics to recognize
meaningful relationships between terms, for instance, between
messages and identified themes applying techniques such as
latent semantic analysis (LSA) [64,65], random indexing (RI)
[55], and the skip-gram with negative sampling (SGNS)
algorithm [56] using the Semantic Vectors package. Some of
these studies used pretraining on general domain corpora: RI
with the Touchstone A pplied Science Associates (TASA) corpus
[55], the SGNS a gorithm with the Wiki corpus [56], and LSA
with the TASA corpus [64,65].

Topic Modeling

Multiple techniques were used for topic modeling, such as
Quanteda software[42], LDA [49, 57,60,62, 69,77,83, 84,97-99,
101], SAS Text Miner (SAS Institute) [61,76,85,93], and
correlated topic modeling, using the topicmodels packagein R
[86]. Out of 64 studies, 2 (3%) used the word2vec model: one
toidentify words similar to unigrams and bigrams per topic [47]
and another for word semantic clustering [97]. One study
detected topics by calculating frequency vectors to create a
term-Tweet frequency table and performed chi-sguare tests to
compare terms across the corpus [96].
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Various unsupervised ML models were also utilized for
identifying e-cigarette communities using k-means clustering
[42] and pattern or theme recognition through atechnique called
the biterm topic model [78]. One study performed clustering
analysis through an agglomerative hierarchical clustering
technique [102] to group the tempora patterns of alcohol
consumption among members of an online community.

Language M odeling

Out of 64 studies, 5 (8%) performed linguistic text analysis
using linguistic inquiry word count (LIWC), which is used to
count words in psychologically meaningful categories
[45,71,83,88,89]. Linguistic analysis performed by Singh et a
[45] for analyzing smoking cessation behaviors showed that
interrogatives in the form of seeking information were more
frequently expressed in an individua’'s language if they
belonged to the contemplation stage of behavior change;
however, numbers were more frequently expressed in an
individual’s language if they belonged to the action stage of
behavior change. Another study showed that words carrying
negative affect were more frequently associated with greater
substance abuse [71]. In one study, LIWC was used to measure
personal pronoun use within each community to understand if
the individual was tweeting about one's drinking behavior or
was referencing others' behavior [83]. One study extracted
psycholinguistic featuresfrom the language used on social media
platformstotrain aclassifier to predict recovery from acoholism
[88]. Similarly, another study showed that the negative emotions
or swear words, inhibition words, and love words were
significantly associated with increased risk of relapse for
individuals suffering from alcohol use disorder [89].

Sentiment Modeling

Out of 64 studies, 20 (31%) performed sentiment analysis to
gauge the positive, negative, or neutral sentiment of individuals
toward health behaviors (eg, e-cigarettes, hookah, drug abuse,
vaping, and JUUL) [40,41, 43, 51,59,63, 66-68,79,80,83, 85,
86,91, 93-96,103]. Some techniques used for performing
sentiment analysis included SentiWordNet 3.0 [59]; the
SentiWords (sentiment words) lexicon [85]; Sentiment140[96];
maximum entropy text classifier [79,94,95]; Mathematica 10.3
(Wolfram) [93]; SVM trained on SemEval (semantic
evaluation), ISEAR (International Survey on Emotion
Antecedents and Reactions) emotion data sets, and on an
emotion-tagged tweet corpus [51]; and various supervised ML
algorithms[40,41,43,63,66,67,80,86,91]. One study cal culated
sentiment scores from the Liu and Hu opinion lexicon dictionary
[68], one study used National Resource Council Hashtag
Sentiment L exiconsto measure the positive sentiment associated
with a tweet [83], and three studies used VADER (Valence
Aware Dictionary and sEntiment Reasoning), whichisalexicon
and rule-based sentiment analysis tool [51,80,103].

Model Evaluation and Metrics

To evaluate the performance of the classification models, several
studies divided their data sets into training and test sets,
performed n-fold cross-validations, and calculated metrics such
asaccuracy, precision, recall, F1 score, specificity, the Matthew
correlation coefficient, and area under the receiver operating
characteristics (AUROC) curve. We compiled our Results
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section using the F1 scores reported by various studies. If any
study did not report their F1 scores, we listed the metrics they
reported in their study. Most of the studies reported the F1 scores
for classification tasks[40,41,43-46,48, 51, 54,55,59, 60,66- 70,
72-74,80, 81,84, 87, 88,91,92, 94,95,102,103], and they ranged
from 0.42 to 0.99 across various studies. Cross-validation was
performed using variousfolds: 4-fold [59], 5-fold [67,80,82,92],
6-fold [73], and 10-fold [40, 44-46,54, 58, 60,63, 66, 68,74, 75,
81,86, 88, 91,102,103] cross-validation. Three studies reported
only the accuracy values for evaluating the classifier
performance[52,63,100]. One study reported only the precision
of the information retrieval system [56], while two studies
reported only the val ues obtained from AUROC curves[58,82].
One study evaluated the quality of themesidentified using two
approaches: supervised evaluation, by manually annotating
tweetsfor each theme and cal cul ating the average fal se-positive
rate, and unsupervised evaluation, by calculating cluster purity
that quantifies how coherent the themeis[78].

Quantitative Modeling Using Social Network Analysis

Out of 64 studies, 9 (13%) performed social network analysis
[42,48,50,53,64,65,86,91,103]:

1. One study generated network graphs to visualize presence
and co-occurrence of e-cigarette topics across different
subreddits [42].

2. One study created network graphs to understand the reach
of acampaign targeted to educate young individual s about
harmful effects of smoking [48].

3. One study identified topics of e-cigarette—related
conversations by creating a Twitter hashtag co-occurrence
network [50].

4. Onestudy analyzed structural differencesin socia networks
of smokers and nonsmokers by analyzing the relationship
of network metricswith smoking status of individuals[53].

5 One study performed affiliation network analysis by
constructing two-mode network graphs to understand the
association of the members of a smoking cessation
community with different communication themes [64].

6. One study visualized topological and theme-based
differences in socia networks of members of an online
smoking cessation community [65].

7. One study analyzed how an individual’s social network
connectivity affected their alcohol use behaviors based on
the topics of discussion [86].

8. Onestudy showed that individual swho expressed negative
sentiment about drinking were more centrally located within
the socia network compared to other members of the
community [91].

9. One study quantified the peer interactions between the
members of the community using socia network features
(eg, in-degree, out-degree, degree, reciprocity, and
clustering coefficient) [103].

The tools and software programs used for performing such
analysis included the Gephi platform [48,50,65]; NetworkX, a
Python package (Python Software Foundation) [86]; UCINET
software (Anaytic Technologies) [42,64]; and the iGraph
package in R [53]. One study visualized frequent word
co-occurrences by creating a sociogram using NodeXL
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(Microsoft) [42]. Two studies did not specifically mention the  density, isolates, diameter, communities, betweenness centrality,
toolsthey used for performing social network analysis[91,103].  closeness centrality, transitivity, clusters, and modularity [53].
Varying metrics were used for social network analysis, suchas  Table 3[40-46,48-55,57-89,91-103] highlightsthe summary of
degree centrality [42,64], modularity [48,65], and in-degreeand  methodological functions used across various studies and aso
out-degree centralities[86,91]. One study used multiplemetrics  lists the specific tools used for performing those functions.

for analyzing social network structures, such as vertices, edges,

Table 3. Summary of methods and related tools used by various studies.

Methods

Tools, platforms, and programs

Linguistic analysis

Sentiment analysis

Supervised classification

Topic modeling

Community identification and theme or
pattern recognition

Socia network analysis

Linguistic inquiry word count [45,71,83,88,89]

SentiWordNet 3.0 [59]

SentiWords (sentiment words) lexicon [85]

Sentiment140 [96]

Maximum entropy text classifier [79,94,95]

Mathematica 10.3 [93]

Various supervised machine learning algorithms [40,41,43,51,63,66,67,80,86,91]
Liu and Hu opinion lexicon dictionary [68]

VADER (Vaence Aware Dictionary and sEntiment Reasoning) [51,80,103]
National Resource Council Hashtag Sentiment Lexicon [83]

Support vector machine [41,44-46,51,54,58,60,63,66-68,70,73-75,80-82,87,92,94,100,102]
Logistic regression [40,41,44-46,54,58-60,72,80,89,92,94,100,102]
Naive Bayes [40,41,46,52,54,58,60,63,66,70,73-75,80,81,86,91,100]
Random forest [40,41,45,54,58,70,73-75,82,84,86,91,92,100,102]
Decision tree-based classifier [46,54,55,74,81,86,91]

k-nearest neighbors [54,63,66,74,84]

AdaBoost [46,54,86,91]

Sequential minimal optimization [84]

Maximum entropy text classifier [79,81,94,95]

Multilayer perceptron [84]

REPTree [88]

Feed-forward neural network [94]

Gradient boosting [48,54,94]

Convolutional neural networks (CNNSs) [41,70,72-75,87,100]

Long short-term memory (LSTM) [41,72]

LSTM-CNN [41]

Bidirectional LSTM [41]

Shallow neural network for text classification [100]

Reinforcement neural network—gated recurrent unit [100]

Quanteda software [42]

Latent Dirichlet allocation [49,57,60,62,69,77,83,84,97-99,101]
SAS Text Miner [61,76,85,93]

Correlated topic modeling [86]

k-means clustering [42]
Biterm topic model [78]
Agglomerative hierarchical clustering technique [102]

Gephi platform [48,50,65]
NetworkX (Python package) [86]
UCINET software [42,64]
iGraph package in R [53]
NodeXL [42]
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Discussion

Principal Findings

The purpose of this review was to investigate the current state
of computational and quantitative techniques available for
analyzing risky health behaviors, beliefs, and attitudes using
online peer interactions from social media platforms. From the
initial set of studies retrieved and snowballing techniques, 64
studies that met our inclusion criteria were included in this
review, out of which 75% (48/64) [40-57,68-79, 82-94,97, 98,
100-102] were published in 2017 onward. This suggests that
thereis agrowing trend in utilizing computational approaches
to characterize risky health behaviors by analyzing
conversational data generated from online peer interactions.

Severd platformswere used as the source of datafor analyzing
risky health behaviors, with the most popular being open social
mediaplatforms, since 80% (51/64) of the studies utilized them
as compared to intentionally designed health-related social
mediaplatforms. Interms of datacollection, our results showed
that Twitter was a popular source of social media data, as it
providesthree easy waysto accessthe data: Twitter Search AP,
Twitter Streaming API, and Twitter Firehose [104]. Some
studies utilized platforms (eg, Facebook, | nstagram, and Reddit)
that also provide access to data through their APIs [105-107]
but were not as widely used as compared to Twitter. A few
studies utilized intentionally designed health-related social
media platforms, such as QuitNet, Cancer Survivors Network,
patient.info/forums, BecomeAnEx.org, Hello Sunday Morning
blog, and the A-CHESS online discussion forum, but they did
not provide any information about their data collection
techniques. In terms of data types, this review included studies
that primarily focused on analyzing textual datagenerated from
online peer interactions. Thus, we excluded two studies during
the full-text screening that focused on analyzing risky health
behaviors through image analysis only [108,109].

Sentiments toward smoking-related products (eg, cigars,
e-cigarettes, hookah, vaping, and JUUL) and identification of
various themes related to the discussion of such products were
widely studied using online socia mediaplatforms. Prescription
drug abuse, opioid misuse, and binge drinking—rel ated behaviors
were another set of widely analyzed risky health behaviorsusing
online social media platforms. This highlights the potential of
using such platformsfor the dissemination of behavioral change
interventions targeting uncharted and evolving domains (eg,
e-cigarettes) as well aswell-charted domains (eg, acohol use).
In addition to addictive behaviors, uptake behaviors were
analyzed, such as the association of physical activity patterns,
sentiments, and types of behaviors (eg, running, walking, and
jogging) with different geographical locations (eg, in Canada)
and population demographics (eg, genders). Social media
platformswere used for identifying the themesrel ated to weight
loss and obesity-related behaviors. None of the studies focused
on analyzing unprotected sex—related behaviors, an important
public heath focus and priority, which can likely be an
interesting avenue for future research. However, given the
stigma, privacy concerns, and the opague nature of the domain,
access to such data sets might be limited.
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The LIWC tool waswiddly used for linguistic feature extraction,
asitisan easily accessible tool that extracts features like style
words, emotional words, and parts of speech from the texts
[110]. Language modeling performed using LIWC showed how
the usage of language among members can be used to predict
their relapse or behavior transition patterns. For topic modeling,
L DA wasthe most commonly used tool; it analyzes|atent topics
based on word distribution and then assigns a distribution of
topicsto each document [111]. Thetopicsdiscussed varied from
one risky health behavior to another but mostly highlighted the
attitudes and behavior patterns of individuals engaging in such
behaviors. Few examplesinclude highlighting the controversial
topicsrelated to e-cigarette and marijuanause (eg, legalization,
prohibition, etc) [101], identifying topics related to the
normative or cultural context surrounding e-cigarette use and
alcoholic preferences[60,83], and understanding how the social
environment of individuals affectstheir behaviorstoward weight
loss [98].

A wide range of supervised ML agorithms were used for the
content and sentiment analysis of the datagenerated from online
peer interactions. Most of the studies utilized traditional ML
models(eg, SVM, LR, RF, DT, and KNN) for text classification
purposes. Only afew studies[41,70,72-75,87,100] utilized deep
learning models (eg, CNNs and LSTMs) for text as well as
image and video classification tasks. In terms of performance
evaluation, the following results were observed:

1 In4out of 64 (6%) studies[41,72-74], the performance of
deep learning models on classification tasks was better
compared to the traditional ML classifiers (eg, the deep
learning model had an AUROC curve of 0.65 as compared
to the baseline LR model, which had an AUROC curve of
0.54[72)).

2. In 1 study out of 64 (2%) [75], the deep learning model
marginally outperformed the traditional ML classifier: RF
(accuracy 70.1%) and deep CNN (accuracy 70.4%).

3. In another 2 studies out of 64 (3%) [70,100], the
performance of deep learning models on classification tasks
was lower compared to the traditional ML classifiers (eg,
RF [accuracy 93.4%)] performed better than CNN [accuracy
60.1%)] [100]).

Themajority of the studiesincluded in thisreview focused only
on textual data analysis of online peer interactions, while only
one study performed additional analysisusing image data[72],
and only one performed textual, image, and video dataanalysis
[87]. Few studies [41,55,56,64,65,70,72-75] created word
vectors using pretrained word embeddings (eg, GloVe,
word2vec, drug chatter word embeddings, LSA, RI, and SGNS).
These were trained using different types of corpora (eg, the
Wikipedia corpus [56,72], the TASA corpus [55,64,65], or a
domain-specific corpus[41,70,72,74,75]). The performance of
classifiersusing pretrained word embeddings ranged from 0.99
to 0.55 in terms of F1 scores.

Some of the studies included in this review also performed
network analysis [42,48,50,53,64,65,86,91,103]. The Gephi
platform [112] and UCINET software [113] were widely used
tools for analyzing online social ties. One study characterized
therole of content-specific social influence patterns underlying
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peer-to-peer communication using affiliation exposure models
and the two-mode version of the network autocorrel ation model
[64]. One study analyzed the socia network structure of smokers
and compared it with the network structure of nonsmokers to
understand the factorsrelated to the social influence that might
affect addictive tobacco-related behaviors [53]. Such network
analysis can help us understand the context of communication,
which can eventually guide the development of tangible
technology features by health researchers and technology
developers[114,115].

One study [85] analyzed online peer interactions based on a
communication model called the dynamic transactional model
[116], which is suitable for modeling two-way communication
between individuals. Very few studies [42,45,55,64,65,97]
linked theoretical constructs that define behavior change in
analyzing content generated from social media platforms, such
as socia cognitive theory [117], the transtheoretical model of
change [118], the health belief model [119], and the taxonomy
of behavior change techniques [120]. The online peer
interactions should be analyzed using theoretical frameworks
that can lead to the devel opment of empirically grounded digital
health interventions for promoting health and positive behavior
changes[121,122]. Theory-driven large-scal e analysis of social
media data sets will yield insights into the specific processes
of behavior change that manifest in peer interactions. The
analysis of these data sets in conjunction with theoretical
constructs can aid in enhancing our knowledge of how social
influence playsamajor rolein diffusing health information and
modifying individual health behaviors. This can have
implications for the development of high-yield interventions
for individuals and populations based on their risky health
behavior, thereby enabling individualsto make positivelifestyle
changes and improving their quality of life.

It is also important to understand that online social media
platforms can be used for disseminating health-related
misinformation as well [123]. The COVID-19 pandemic has
provided uswith abundant evidence that highlights the urgency
to address public concerns related to misinformation that is
plaguing social media, which can negatively impact
health-related behaviors of individuals [124,125]. Also, the
ground truth of aggregated trends extracted from information
disseminated through these platformsisreflective of community
perceptions only to acertain extent because of the large amount
of content push by automated bots [126]. Studies have shown
how misinformation also impacts risky health behaviors (eg,
misleading marketing claims about e-cigarettes [127] and
alcohol use[128]). Future work should focus on leveraging the
techniques described in this review for analysis of
misinformation diffused throughout online social media
platforms to enhance the utility and positive impact of these
platforms.

Limitations

Our review is not without limitations. Firstly, we included
studiesrelated to risky health behaviors alone; however, studies
focusing on other public health domains (eg, epidemiology
[129] and surveillance [130]) or studies focusing on chronic
health conditions (eg, diabetes[131,132] and cancer [133]), as
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well asclinical and health outcomes [134,135], can provide us
with a comprehensive understanding of how data generated
from social media platforms are analyzed for various public
health applications by leveraging computational modeling and
high-throughput analytics. The domain of infodemiology and
infoveillance is quite broad and includes various other aspects
of risky health behaviors that were not included in this review
(eg, mining consumer opinions toward online marketing of
e-cigarettes [136,137], or understanding their reactions toward
media coverage [138,139] or policy regulations [140,141]
concerning such products). Secondly, we only focused on studies
that primarily performed textual dataanalysis. Even though we
did include studies that reported image or video data analysis
along with textual data analysis [72,87], we did not include
studies that solely described image or video data analysis
[108,109]. These studies can provide useful insights into ML
trade-offs and computational scalability as related to varying
data density, heterogeneity, and inferential granularity.

Finally, given the constraints of our search strategy, we might
have missed some studies from the infodemiology and
infoveillance domain; for example, an initial exploration of the
literature search in this domain [142] had resulted in atotal of
397 studies, out of which 23 studieswere relevant for inclusion
inthisreview. Of these, 15 studies were captured by our search
strategy and included in the review
[40,41,43,50,51,54,61-63,66,68-70,80,95], and an additional
one was included as part of the snowballing efforts [47].
However, the remaining seven were not identified by our search
strategy [143-149]. Broad methodological descriptions or
excessively granular terminology use capturing ML methods
in metadata, titles, abstracts, and keywords are noted in these
studies. For consistency and to limit bias with studies in other
journals, we have not included these studies in the review.
Future researchers conducting similar reviews should ensure
the inclusion of terms that capture the interdisciplinary nature
of studies (eg, infodemiology), analytical functions (eg, text
classification, content analysis, and topic modeling), and
analytical techniques (eg, LDA) for the exhaustive
representation of related works that leverage SMaaRT for risky
behavior modeling and analysis.

Conclusions

Our review shows that online discourse related to risky health
behaviors on social media platforms can span multiple topics
that include nicotine dependence, alcohol use, drug or substance
abuse, physical activity patterns, and obesity-related behaviors.
This results in the generation of large amounts of digitaly
archived data, which can provide adeeper understanding of the
organic manifestation and natural evolution of health-related
behavior change processes.

Our review highlights the characteristics of social media
platforms (eg, general-purpose vs health-focused platformsand
ease of data access for secondary analysis), the robustness of
methods used for analyzing peer interactions within these
platforms, and an overview of awide variety of text mining and
network modeling tools available to conduct analyses of social
media data sets at scale. Our review alows us to consolidate
the methodological underpinnings and enhance our
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understanding of how social mediacan beleveraged for nuanced  distributed at the individual and population levels. It is also
behavioral modeling and representation. This can ultimately important to understand the merits and shortfalls of existing
inform and lead to the formulation of persuasive health computational studiesto assessthe generalizability and strength
communication and effective behavior modificationtechnologies of the downstream predictive models and data-driven
targeting inter- and intrapersonal psychosocial processes interventions resulting from such large-scale analyses.
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Abstract

Background: Companies use brand websites as a promotional tool to engage consumers on the web, which can increase product
use. Given that some products are harmful to the health of consumers, it isimportant for marketing associated with these products
to be subject to public health surveillance. However, terms of service (TOS) governing the use of brand website content may
impede such important research.

Objective: The aim of this study is to explore the TOS for brand websites with public health significance to assess possible
legal and ethical challenges for conducting research on consumer product websites.

Methods: Using Statista, we purposefully constructed a sample of 15 leading American tobacco, alcohol, psychiatric
pharmaceutical, fast-food, and gun brands that have associated websites. We developed and implemented a structured coding
system for the TOS on these websites and coded for the presence versus absence of different types of restriction that might impact
the ability to conduct research.

Results: All TOS stated that by accessing the website, users agreed to abide by the TOS (15/15, 100%). A total of 11 out of 15
(73%) websites had age restrictionsin their TOS. All alcohol brand websites (5/15, 33%) required usersto enter their age or date
of birth before viewing website content. Both websites for tobacco brands (2/15, 13%) further required that users register and
verify their age and identity to access any website content and agree that they use tobacco products. Only one website (1/15, 7%)
allowed users to display, download, copy, distribute, and trandate the website content as long as it was for personal and not
commercia use. A total of 33% (5/15) of TOS unconditionally prohibited or put substantial restrictions on all of these activities
and/or failed to specify if they were alowed or prohibited. Moreover, 87% (13/15) of TOS indicated that website access could
be restricted at any time. A total of 73% (11/15) of websites specified that violating TOS could result in deleting user content
from the website, revoking access by having the user's Internet Protocol address blocked, terminating log-in credentials, or
enforcing legal action resulting in civil or criminal penalties.

Conclusions: TOS create complications for public health surveillance related to e-marketing on brand websites. Recent court
opinions have reduced therisk of federal criminal chargesfor violating TOS on public websites, but this risk remains unclear for
private websites. The public health community needs to establish standards to guide and protect researchers from the possibility
of legal repercussions related to such efforts.

(JMIR Public Health Surveill 2020;6(4):e23579) doi:10.2196/23579
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Introduction

Background

A growing proportion of morbidity and mortality globally can
be attributed to the commercialization of products that are
harmful to health. Products such as tobacco, acohal, fast food,
and firearms account for an increasing proportion of preventable
deaths, atrend referred to as the industrial epidemic [1]. For
example, globally, there were 2.8 million deaths associated with
alcohol consumption and over 8.1 million deaths associated
with tobacco consumption in 2017 [2]. Dietary risk factors
(including diets high in sodium, low in vegetables, low in fruit,
low inwhole grains, low in nuts and seeds, and low in seafood
omega-3) caused 10.9 million deathsin 2017 [2]. In the United
States alone, in 2015, firearms were responsiblefor over 36,000
deaths [3] and caused 612,000 deaths between 1999 and 2017

[4].

Theindustries that manufacture these products continueto rely
heavily on marketing to attract and retain consumersto maintain
and grow their profit margins; these actions contribute to the
overall burden of disease caused by their products[5]. Although
estimates of the marketing expenditures of the firearmsindustry
are not currently available, tobacco, acohol, and fast-food
companies spend billions, often tens of billions of dollars, on
advertising each year [6-9]. There is substantial evidence to
suggest that exposure to tobacco, acohol, food, and firearm
marketing increases the desire to use, intentions to use, and/or
actual use of advertised products [8,10-27]. Children and
adolescents are particularly susceptible to advertising and
promotional efforts, given their developmental stage, and are
more likely to adopt attitudes and preferences congruent with
advertisements after exposure [28]. Ininstances where products
can have detrimental effects on health, advertising becomes a
major public health concern.

The research literature on marketing practices for potentialy
harmful products at the point of sale, on television, and in print
mediaislongstanding and robust [8,13,21,23,24,26,29-31]. The
placement of advertising and promotional efforts is, however,
increasingly dominated by the web-based domain [32], which
providesthe possibility of reaching more than 4.5 billion people
in the world with internet access [33]. Companies are
transferring traditional marketing principles to the internet as
e-marketing by using websites, social media, and web-based
marketplacesto increase connectionswith potential customers.

Advertising on brand websites has already started to attract the
attention of researchers. Research on alcohol brand websites,
for example, has documented strategiesthat utilize youth culture,
including computer games, competitions, downloadable content,
sponsored parties, fashion shows, and sporting events [34].
Tobacco internet marketing has also been highlighted as a
surveillance priority [35]. Descriptive research has found that
tobacco brand websites offer sweepstakes; event promotions;
video advertising; and contests involving music creation, lyric
writing, creative design, and other arts to engage users on the
web [36-39]. Food and beverage websites have been found to
contain gamified content that is designed specificaly for
children and often includes gamesthat highlight branded content

http://publichealth.jmir.org/2020/4/e23579/
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(adver-games), branded downloadable content, viral content,
and unlimited commercials [40-42]. However, no research has
assessed the marketing content of gun websites, although recent
research characterizing firearm advertising on Twitter and
YouTube has been published [43]. Both firearm manufacturers
and social mediainfluencers on these platforms promoted guns
for recreational and military use, and used patriotic and law
enforcement themes. Importantly, this research also revealed
that social media posts, particularly YouTube posts, often
connect viewersto firearm manufacturer websites[43]. Previous
research has established that brand websites are filled with
promotions and advertising strategies meant to interactively
engage users in away that is not possible with print media or
even television commercials.

The use of e-marketing is aso potentially problematic because
it is more difficult for regulatory authorities to monitor and
regulate web-based space, resulting in less oversight [44,45].
The enforcement guidelines of the Food and Drug
Administration (FDA) for the 2010 Tobacco Control Act states
that it will conduct surveillance of internet promotionsto ensure
compliancewith advertising and promotion restrictions, although
it isunclear how thisis carried out in light of terms of service
(TOS) and authorization restrictions [46]. It is possible that
companies are taking advantage of the less regul ated web-based
world to employ more aggressive advertising strategiesthat are
already restricted in other media. For instance, researchershave
found that some content on UK alcohol brand websites may
violate UK broadcasting codes because of the likelihood that it
would appeal to underage consumers [47]. Thereis a need for
regulatory authoritiesto ensure that thereisno gap in oversight
of web-based commercia spaces. Surveillance has been referred
to as the foundation of public health [48], and monitoring and
curtailing advertising of potentially harmful and intrinsically
harmful productsisan important aspect of public health practice.

E-marketing, although clearly a source of concern for public
health, poses challenges for researchers. Websites are the
property of corporations that draft TOS that can legally shape
how site users are allowed to engage with content. The Law
Dictionary defines terms and conditions (abbreviated TOS) as
“Specia and general arrangement, rule, requirements, standards,
etc. Forming integral parts of a contract or agreement” [49].
Website TOS typically take on 2 forms: click-wrap agreements
and browse-wrap agreements. Click-wrap agreements require
that the user clicks abox or otherwise actively indicates that he
or she assents to the TOS before he or she is able to access
website content [50]. Browse-wrap agreements, on the other
hand, do not require the user to actively agree to the TOS.
Instead, the TOS are located somewhere on the web page, which
isusually accessible by alink at the bottom of the page. Courts
have ruled inconsistently regarding whether TOS legally
congtitute notice, whichisrequired for a contract to be binding,
although click-wrap agreements have been upheld more
routinely than browse-wrap agreements [51-55]. The legally
ambiguous nature of TOS makes it unclear if the prohibitions
often outlined in these terms are legally binding, and research
has shown that they are rarely read or understood [56-58].

Frischmann and Selinger [59] maintained that the length and
complexity of TOS are intentional design features. They
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described TOS contracts as* techno-social toolsfor engineering
human beings to behave automatically, like simple machines”
TOS contracts are take-it-or-leave-it contracts, where users can
either accept terms or not access the website. This means that
website users gain nothing by reading many pages of lega
jargon, as they have no power to change the terms of the
contract, and are able to reduce the cognitive cost of the
encounter by ignoring TOS[59]. Frischmann and Selinger [59]
state that website designers function as choice architects by
shaping the choicesthat users are presented with and that TOS
are subject to this design influence as much as website content
is. Asthe choiceregarding TOSisto accept the TOS or not use
thewebsite, unthinking, constant acceptance becomesthe norm
as people become programmed to agree [59]. Legal scholar
Margaret Jane Radin additionally raises concerns regarding
boilerplatecreep, where private entities, such as corporations,
gradually replace law from public spaces such as governments
and socid institutions with their own law that is designed to
benefit the private entity rather than the public good [60]. These
concernsthat TOS areintentionally designed to deflect website
user attention and at the same time benefit private entities
underliestheimportance of better understanding the content of
TOS contracts and how they may influence research.

When TOS are actualy read, it becomes clear that many
activities necessary to conduct research are often restricted.
Preliminary exploration found TOS on brand websites that
prohibit users, for example, from downloading (eg, saving copies
of content for future reference) and sharing material, tasks
necessary to conduct research. The terms of entry into
web-based spaces designed by corporations are more explicit
and seem to hold the potential for greater enforcement in the
web-based domain as compared with conditions for entry into
retail spaces in the physical environment. The uncertain legal
nature of TOS may also impact the comfort level of the
researcherswho study web-based spaces, and some researchers
have expressed fear that this uncertainty might have chilling
effects on research [61].

Goal of This Study

Little attention has been paid to establishing appropriate norms
for entering web-based spacesfor the purpose of understanding
the space in and of itself. Although a recent publication [62]
discussesthe content of TOS on social mediawebsites, focusing
on both automated and manual data scraping of user content,
conducting research on consumer product websitesis somewhat
different. Content analyses would not necessitate scraping and
do not document user content the way social media research
does. TOS on consumer product websitesrequirethe samekind
of consideration that TOS on socid media websites have
received. The Association of Computing Machinery, a
professional organization for computing scientists, has already
started to discussif it isethical to violate TOS during the process
of datacollection of publicly availableinformation [63,64]. The
association has even appeal ed to the court in an amicus curiae
briefing, arguing that researchers should be legally alowed to
conduct research on public web-based spaces [65]. This issue
also needs to be considered by public health researchers.
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Currently, researchers are leaving themselves potentially
vulnerable to legal issues by conducting research that might
violatethe TOS of websites. Given the public health importance
of monitoring product marketing in web-based spaces, in this
study, we describe the types of activities that are and are not
allowed by TOS across multiple product types and what types
of restrictions are being put on website access. We also consider
how this might differ by product type and discuss implications
of restrictionsincluded in TOS for research and the ethical and
legal ramifications of not adhering to TOS, given recent
litigation.

Methods

Setting and Sample

We searched Statista, the “statistics portal for market data,
market research, and market studies’ [66] for the top branded
consumer products in 5 domains relevant to public health:
tobacco (cigarettes), alcohol (beer and distilled spirits), firearms,
prescription psychiatric drugs, and fast food. In addition to the
industrial epidemic products described earlier, we included
prescription drug websites because of the heavy use of
direct-to-consumer marketing [67], a practice only allowed in
the United States and New Zealand [68], and the association
between exposure to this marketing and subsequent desire to
use such drugs[17-19]. We chooseto focus on psychiatric drugs
dueto the high prevalence of use among American adults [69].
To identify thetop brandsin these domains, we searched Statista
for the top brandsin the United States by market share for each
product. When data on market shares by brand were not
available, we searched for top brands by revenue from sales.
We selected the highest ranked brands that listed the law
governing their TOS as a state within the United States and that
had an official website. Official websites were defined as
websites created by the actual company rather than afan group
or a specific retailer. We restricted our study to US companies
that listed alocation within the United States as governing their
TOS because we wanted to control for some variance in TOS
by the country that the company operated in, as regiona laws
and requirements may differ by country.

For cigarette brands, the 3 US market leaders, Marlboro,
Newport, and Camel, were all American companieswith official
websites created by the company. Marlboro and Newport were
selected for the sample. Camel was excluded because both
Camel and Newport were owned by R. J. Reynolds Tobacco
Company and had the same TOS. Data on US market leaders
for beer brands showed that Bud Light and Coors Light occupied
the largest portion of the beer market and were retained for the
sample. Statistadid not have dataon distilled spiritsasageneral
category; however, it had existing data on the top whiskey
brands by market share, with Jack Daniels, Crown Royal,
Fireball, and Jim Beam being the market leaders. The British
company Diageo owns Crown Royal and was excluded, whereas
Fireball, Jack Daniels, and Jm Beam were retained as
US-owned brands. Although Statista did not have data on the
top market leaders in the firearms industry, it did provide data
on the estimated global revenue for firearms made for the US
market, which was used as a proxy for establishing the leading
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companies. The top 3 firearm manufacturers—Remington,
Smith and Wesson, and Sturm Ruger—are all US companies
with official websites and were retained for this sample.
Similarly, the top companies producing psychiatric drugs were
also determined using Statista data on revenue from top-selling
psychiatric drugs in the United States. The top brand, Lyrica,
was retained for the sample. The second brand, Vyvanse, stated
inits TOS that it is governed by British, rather than American
law, and the website was excluded from the sample for this

Table 1. Acquisition of website sampling using data from Statista.

Weiger et a

reason. Invega Sustenna was retained as this brand had an
official website, and thejurisdiction listed inits TOS waswithin
the United States. Revenue from sales was aso used to
determinethetop fast-food brands. McDonalds, Starbucks, and
Subway were retained for this sample as the jurisdiction listed
in their TOS was within the United States, and all the brands
had official websites (Table 1). In total, 15 websites were
included in the sample.

Product type and metric used/Top brands listed Webcite reference for the Date of last TOS update (as Date of last TOS update (as
brands selected of July 2018) of July 2020)
Cigarettes, market share of theleading US cigarette brandsin 2016 (%)
Marlboro, 41 [70] May 2014 May 2014
Newport, 13 [70] August 17, 2017 August 17, 2017
Camel, 8 b — —

Beer, domestic beer market share of theleading brandsin the United Statesin 2017 (%)

Bud Light, 18
CoorsLight, 10

[71]
[72]

No date provided January 1, 2020

May 22, 2018 January 1, 2020

Whiskey, US market share of the leading whiskey brandsin 2017 through 2018, based on dollar sales (%)

Jack Daniels, 13 [73]
Crown Royal, 12 —
Fireball, 8 [74]
Jim Beam, 8 [79]

March 15, 2018 March 15, 2018

Firear ms, estimated global revenue made annually for the US civilian market (million US $)

Remington Outdoor, 939 [76]
Smith and Wesson, 552 [77]
Sturm Ruger, 551 [78]

June 21, 2017 June 21, 2017
October 29, 2008 January 31, 2020
April 1, 2017 No date provided
April 1, 2017 June 1, 2020

September 1, 2010 September 1, 2010

Psychiatric drugs, selected top psychiatric drugs USrevenuein 2016 (million US $)

Lyrica, 4.4 [79]
Vyvansg, 3.1 _
Invega Sustenna, 1.3 [80]

No date provided No date provided

November 4, 2016 November 4, 2016

Fast food, leading quick servicerestaurantsin the United Statesin 2016, based on retail sales (billion US $)

McDonalds, 36.4 [81]
Starbucks, 15.8 [82]
Subway, 14.0 [83]

March 13, 2017
October 27, 2017
June 14, 2018

March 13, 2017
October 2019
January 1, 2020

8TOS: terms of service.
BNot included in the sample.

Official websites for each brand were located by searching the
brand name with the word websitein Google. Each website was
opened, and restrictions on website access, such as pop-up
windows and registration pages, were documented. The TOS
werelocated, typically by scrolling to the bottom of the website
homepage and looking for alink called terms of service or some
other equivalent. TOS from each website were copied and pasted
into Microsoft Word. All TOS were saved to Webcite (with the
exception of the Marlboro website TOS, which blocked Webcite

http://publichealth.jmir.org/2020/4/e23579/

from saving its content) and were also downloaded and saved
as PDFs.

Analysis

All TOSwere downloaded and coded in Microsoft Word (Word
version 16.34) employing line-by-line open coding. After
reading the TOS and conducting an initial round of coding for
major themes, codes were discussed with the study team at
multiple meetings, and codes were added and refined per group
discussion (Textbox 1). Codes were developed based on how
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specific aspects of TOS could impact research. The primary
coder (CW) has considerable experience with both qualitative
and quantitative coding. After the primary coder completed
coding, 2 additional coders (KS and MM) independently
reviewed and confirmed all codes. Discrepancieswere discussed

Weiger et a

and resolved during email exchanges between the coders and
the broader research team. The proportion of websitesemploying
each code was calculated in Microsoft Excel (Excel version
16.37), and differences and themes by product type were
qualitatively assessed because of the small sample size.

Textbox 1. Codes that emerged from the qualitative process and corresponding examples.

Age restrictions

Other accessrestrictions

Accepting TOS (terms of service)

TOS can change at any time

changes during each website visit

Restrictions on sharing account information

« ltistheuser'sresponsibility to keep log-in credentials confidential

User information accuracy

« All information provided by the user must be accurate

Prohibited and allowable user actions with website material

or alowed

Applicable local laws

Choice of law

Restrict user access

Allowable use

o  Commercia, personal, private, noncommercial, etc

Actions taken if user violates TOS

o  221years, legd ageof product consumption, 218 years of age or 2age of mgjority, =13 yearswith parental consent, 213 years, or no age restrictions

o Usersmust be auser of our product to access this website, and/or users must agree to receive promotional materials

« By accessing thiswebsite, users agree to abide by the TOS (use of &l capital letters were sometimes used to emphasi ze this point)

«  Users acknowledge that TOS can change at any time, users will be notified of changes to TOS, or users are expected to check TOS for any

« A seriesof codes indicating when or if copying, displaying, distributing, downloading, transmitting, translating, and republishing is prohibited

« Usersagreeto abide by applicable local laws while using this website

« TOSareinterpreted and governed by the lawsin, for example, North Carolina

«  Thecompany can restrict user access to this website for any reason at any time

« Having the user’sinternet protocol address blocked, taking legal action against the user, and/or deleting user content from the website

Results

Access and Restrictions

All tobacco (2/2, 100%) and alcohol (5/5, 100%) websites
presented with a pop-up window or a registration page when
users first enter the website. Both tobacco websites had
registration windows, whereasal 5 al cohol websites had pop-up
windows. Pop-ups on alcohol websites only required the user

http://publichealth.jmir.org/2020/4/e23579/

toinput adate of birth or confirm that they were aged >21 years,
with no verification process. Two alcohol websites also asked
for geographical location. All but 3 websites (12/15, 80%)—2
firearm websites and 1 pharmaceutical website—explicitly
stated an age requirement for user access (Table 2). Both tobacco
websites additionally required that registrants be tobacco users,
with 1 tobacco website also requiring that users sign up for a
mailing list and be willing to receive promotional material. No
other websites had additional restrictions apart from age.
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Table 2. Number of websites with age restriction on website access.

Weiger et a

Product type Age=21 Legd ageof product Age=18 Age=13yearswith parental Age=13 Noage
years consumption years consent if under 18 yearsor the years restric-
legal age of majority tions
Tobacco (n=2), TOS? number, n (%) 2(1000 0(0) 0(0) 0(0) 0(0) 0(0)
Alcohol (n=5), TOS number, n (%) 2 (40) 3 (60) 0(0) 0(0) 0(0) 0(0)
Pharmaceuticals (n=2), TOS number, n (%) 0 (0) 0(0) 1(50) 0(0) 0(0) 1(50)
Fast food (n=3), TOS number, n (%) 0(0) 0(0) 0(0) 3(100) 0(0) 0(0)
Firearms (n=3), TOS number, n (%) 0(0) 0(0) 0(0) 0(0) 1(33) 2 (67)

3TOS: terms of service.

The TOS for 10 websites (10/15, 67%,; 2 tobacco, 4 alcohal, 1
pharmaceutical, 2 fast food, and 1 firearm) held users
responsible for keeping their log-in credentials (should they
create an account) private, and the TOS for 6 websites (6/15,
40%) specified that information used to create an account must
be accurate (2 tobacco, 2 alcohol, and 2 food). The Newport
TOS, for instance, states, “You must sign-up online to create
an account to access and use the Site. You agree not to use any
false, inaccurate, or misleading information when signing up

for your accounts” Newport is also the only website in the
sample that specifies that they independently verify that
registrants are aged =21 years.

All website TOS (15/15,100%) had language stating that
accessing the website required users to accept the TOS, and all
but one pharmaceutical company (14/15, 93%) said that the
TOS could change at any time and that users may or may not
be naotified of thisfact (Table 3).

Table 3. Accepting terms of service and the possibility of changing terms by accessing websites.

Product type

By accessingthe TOScanchange Theuserisrespon-

Website will post

Used al capitaliza-

website, users at any time siblefor checking  announcements tion to emphasize
agreetothe TOS? the TOSfor _ when the TOS that by a_cc ng
changesandis changeand users  thewebsite, the us-
bound by the arebound by the  er agreesto the
changes changes TOS
Tobacco (n=2), TOS number, n (%) 2 (100) 2 (100) 1(50) 1(50) 0(0)
Alcohol (n=5), TOS number, n (%) 5 (100) 5 (100) 4(80) 1(20) 3(60)
Pharmaceuticals (n=2), TOS number, n (%) 2 (100) 1(50) 1(50) 0(0) 0(0)
Fast food (n=3), TOS number, n (%) 3(100) 3(100) 2(67) 1(33) 1(33)
Firearms (n=3), TOS number, n (%) 3(100) 3(100) 3(100) 0(0) 2 (67)

8TOS: terms of service.

Local Laws, Jurisdiction, and Restricting Access

Language requiring usersto comply with applicable local laws
in addition to the terms stated in the TOS was common (2
tobacco, 4 acohoal, 1 pharmaceutical, 2 fast food, and 3 firearms;
12/15, 80%). All TOS (15/15, 100%) also specified a state
within the United States whose lawswould govern and interpret
the TOS and serve as a location for any future litigation.
Virginia, North Carolina, Missouri, Illinois, Kentucky, New
York, New Jersey, Washington, Connecticut, and Massachusetts
(10 states) were listed for the 15-website sample used in this
study.

With only 2 exceptions (1 pharmaceutical and 1 alcohol; 13/15,
87%), all websites stated that they could revoke a user’s access
at any time, without providing a justification. A total of 73%
(11/15) TOS listed specific consequences for breaking or
violating the TOS, including having the user’ sinternet protocol
address blocked so they could no longer access the website;
pursuing legal action against the user, resulting in civil or
criminal penalties; terminating log-in credentials; and deleting

http://publichealth.jmir.org/2020/4/e23579/

user content from the website (2 tobacco, 3 acohol, 2
pharmaceutical, 2 fast food, and 2 firearms).

Allowable and Prohibited Actions With Website
Content

Each TOS further specified what users were and were not
allowed to do with the content of the website. Most of the TOS
prohibited using website content for commercial purposes, and
all but 3 TOS specified that website material could only be used
for persona or individual or noncommercia purposes (1
tobacco, 4 acohoal, 2 pharmaceutical, 2 fast food, and 3 firearms;
12/15, 80%).

Website TOS described specific restrictions on how website
content could be used (Table 4). A total of 33% (5/15) TOS
unconditionally or near unconditionally prohibited or put
substantial restrictions on all of these activities (2 tobacco)
and/or failed to specify if they were allowed or prohibited (2
alcohol and 1 food). Substantial restrictions, for instance, were
found on the Marlboro website, which stated that there might
be instances where users are given explicit permission to use
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website content outside of the site, but that this use could only
befor personal noncommercia purposesand only applied when
users were given explicit permission on the web page. A total
of 73% (11/15) websites prohibited distributing website content
or required prior permission to distribute materials. Moreover,
53% (8/15) websites allowed users to engage in at least one
activity that exceeded simply viewing of website material (eg,
download, copy, or distribute) for persona or individual
noncommercial purposes and often explicitly stated that
downloaded content must retain all copyrights and trademarks
and may only be allowed in limited circumstances (4 alcohol,
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1 pharmaceutical, 2 fast food, and 1 firearm). The same set of
websites also prohibited users from sharing website content
with others. One pharmaceutical company also fell into this
category but additionaly alowed distribution for
noncommercial purposes. Many website TOS did not specify
if displaying (4/15, 27%), downloading (5/15, 33%), copying
(3/15, 20%), and trandlating (8/15, 53%) website content was
allowed. Only 1 website in the sample (Invega Sustenna)
allowed users to display, download, copy, distribute, and
translate website content aslong as it was for personal and not
commercia use.
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Table 4. Prohibited or allowable use of website content.

Weiger et a

Brand name Display websitecontent Download websitecon- Copy website content  Distribute website con-  Translate website con-
tent tent tent
Marlboro Prohibited Incircumstanceswhere  Prohibited Prohibited Prohibited
specific sections of the
website say you can use
website materials of -
fline, it must befor per-
sonal noncommercial
purposes
Newport Prohibited Prohibited (all actions  Prohibited Prohibited (all actions  Prohibited (all actions
other than viewing are other than viewing are  other than viewing are
prohibited unless other- prohibited unlessother-  prohibited unless other-
wise specified) wise specified) wise specified)
Bud Light Prohibited without prior  Not specified Prohibited without prior  Prohibited without prior  Not specified
permission permission permission
Coors Light Not specified Not specified Not specified Prohibited without prior  Not specified
permission
Jim Beam Prohibited without prior  Allowed for noncom-  Prohibited without prior  Prohibited without prior  Prohibited without prior
permission mercial, lawful, and permission permission permission
personal use with copy-
right retained
Jack Daniels Not specified Allowablefor onecopy Prohibited for commer- Prohibited for commer-  Prohibited
for personal, noncom-  cia use cial use
mercial use with copy-
right retained
Fireball Prohibited without prior  Allowablefor personal, Not specified Prohibited without prior  Not specified
permission noncommercial use permission
with copyright retained
and no modifications
Lyrica Prohibited without prior  Allowablefor noncom-  Allowablefor noncom-  Prohibited without prior  Not specified
permission mercia individual refer- mercial individud refer-  permission
ences with copyright ences with copyright
retained retained
Invega Sustenna Prohibited for commer-  Allowablefor personal, Prohibited for commer- Allowablefor personal, Prohibited for commer-
cia usewithout prior  noncommercia purpos- cia usewithout prior  noncommercia purpos- cia use without prior
permission eswith copyrightsre-  permission eswith copyrightsre-  permission
tained tained
McDonads Allowablefor personal, Not specified Prohibited for commer-  Prohibited for commer-  Prohibited
noncommercial purpos- cial use cial use
es
Starbucks Not specified Not specified Not specified Prohibited Not specified
Subway Prohibited for commer- Not specified Prohibited without prior  Prohibited without prior  Prohibited without prior
cial use permission permission permission
Remington Outdoor  Allowable occasionally  Prohibited Prohibited Allowableoccasionally Not specified
with an insubstantial with an insubstantial
portion of the content portion of the content
for noncommercial pur- for noncommercial pur-
poses with copyrights poses with copyrights
retained and including retained and including
“Used with permission “Used with permission
from Remington” from Remington”
Sturm Ruger Prohibited without prior  Allowable for personal  Allowable for personal  Prohibited without prior  Not specified
permission and authorized commer-  and authorized commer-  permission
cial use cid use
Smith and Wesson ~ Not specified Allowablefor personal, Prohibited without prior  Prohibited Not specified
noncommercial, andin- permission

formational use
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Discussion

Principal Findings

Our exploration of TOS has revealed several important
conclusions and raised some significant insights that we will
discuss in the context of recent litigation: (1) research on
web-based spaces is complicated by the existence of TOS in
that they restrict activities necessary for research; (2)
commercia entities are creating spaces on the web and some
use TOStotry to restrict accessto those spaces; and (3) research
on private web-based spaces is ethically justifiable, regardless
of whether the activities necessary to conduct this research are
allowed under TOS agreements, but this research is legally
guestionable, so how should researchers proceed? Companies
already have the financial power to aggressively market their
products both on and off the web; in addition, they also have
the power to define what isand isnot allowed regarding the use
of their website material viaTOS[63,84]. This power apparently
allows companies to restrict access to websites and restrict
specific activities one can do with the website material. Some
of the restricted activities are necessary to conduct research,
and the existence of TOS calls into question the legality of
conducting such research. Researchers, then, may beleft feeling
unsure of how to conduct necessary monitoring of web-based
commercia spaceswithout risking legal action [61].

TOS are complicated and cloud the legality of research on
consumer product websites. It is important for regulatory
agencies to have data on websites to make informed marketing
regulations. The FDA, for instance, calls on members of the
public, including researchers, to report marketing violationsin
Section 3.1.4 of the Tobacco Control Act Enforcement Manual
[46]; however, performing basic tasks to document content and
marketing strategies on the web is made difficult or impossible
if researchers are bound by TOS such as those outlined. It is
notabl e that these TOS potentially restrict many of the activities
needed to conduct abasic content analysis (Table 4), aresearch
method that provides details on the content and marketing
strategies employed on websites. For instance, researchers need
to save and share website content for content coding, analysis,
and potentially for later reporting. All activities that are
necessary to conduct a content analysis (which we defined as
displaying, downloading, copying, distributing, and trand ating)
were only explicitly allowed by one website TOS. Such
restrictions were also noted during an evaluation of TOS on
social mediawebsites[62]. Website content changes frequently,
and not saving content, which typically requires downloading,
would likely result in lost data, which would be untenable for
effective surveillance or academic analytic processes.
Trandlation is a so sometimes necessary for international work
assessing websites used in other countries, necessitating both
trandation and sharing content with others, activities often
prohibited by TOS.

Most of the explored TOS aso state that the company can
restrict access at any time, sometimes for any reason. If a
company chooses to do this in the midst of data collection, it
could impose a significant barrier. None of the TOS in this
sample provided any information regarding an appeals process
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to contest restricted access. It is possible that some companies
might intentionally restrict access if they think a user is
accessing the website for research purposes that might reflect
badly on the company, using their TOS-stated right to restrict
access at any time and/or for any reason as arationae.

Researchers could try to create aprotocol that would follow the
TOS for all the commercial websites they were interested in
studying. However, attempting this could be difficult, as TOS
can vary considerably across websites and include legal jargon
[85,86]. Researchers could limit their sample based on websites
that allow the required research activities; however, thiswould
likely result in an unrepresentative sample and could exclude
websites where TOS tends to prohibit more activities, such as
tobacco websites. It is possible that companies employing more
problematic marketing tactics might have morerestrictive TOS,
and those are the companiesthat are most important to monitor.

In addition, one of the most consistent finding across product
type is terms stating that website content can only be used for
personal, noncommercial use. Itisunclear if research fitsin this
category. It seems fairly clear that it is not personal, as the
purpose of research is to disseminate findings to the scientific
community and the public. At the sametime, it isalso clear that
public health research is not acommercia pursuit: profit is not
the goal of the endeavor. None of the TOS in our small sample
and only one in the larger sample of social media sample
examined by Fieder et a [62] explicitly address the use of
websites for research purposes; therefore, it remains unclear if
research activities are prohibited by corporations or not. Fiesler
et a [62] conclude that TOS on consumer websites, such as
TOS on social media websites, are “ambiguous and largely
devoid of context,” making them difficult to understand and
abide by. Arguments using the First Amendment’s protection
of free speech have been raised recently in the Supreme Court,
and athough the court did not consider those arguments, it is
possible that they could be called upon if needed [87].

We must then attempt to untangle what companies claim is
binding in their TOS, compared with what the US courts have
upheld as legally binding during litigation to better understand
if researchers are truly bound by the limitations imposed by
TOS. The Computer Fraud and Abuse Act (CFAA) isafedera
law that prohibits accessing a computer without authorization
or in a manner that exceeds authorization, which can be
interpreted asafederal prohibition on TOSviolations[88]. The
recent memorandum opinion published by the US District Court
for the District of Columbiain the case of Sandvig v. Barr [87]
stated that merely violating TOS on public websites does not
constitute abreach of the CFAA for exceeding authorized access
to a computer and, therefore, cannot trigger federal criminal
charges. Inthis case, researchers and journalists asked the court
for clarity in a pre-enforcement challenge if the work they
wanted to conduct (analyzing if agorithms on hiring websites
discriminate based on race, gender, age, or other attributes by
creating fictitious user profiles) would violate the CFAA and
trigger criminal charges. The court stated that in cases where
any user can accessawebsite, evenif usersarerequired to create
ausername and password for access (ie, the websiteis public),
violating the TOS is not a CFAA violation. Although this is
certainly good news for researchers who want to conduct
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research on public websites, the court clarified that TOS
violations may still trigger federal and state civil charges. Such
violations would amount to the web-based equivalent of
trespassing; however, as long as researchers are not inflicting
damage by slowing down website operations, preventing other
user access, or tampering with content, it is unclear what
damages companies could request compensation for.

Variability in the jurisdictions selected for governing the TOS
and litigation may impact what state civil charges companies
could bring for researcher trespass. Companies largely control
the state where litigation will occur, and different states may
have different laws governing what constitutes trespass and the
conseguencesfor trespassing. Thisintroduces more uncertainty
interms of what research activities could result in civil charges.

Although the memorandum in Sandvig v. Barr offersresearchers
conducting research on public websites reassurances, the issue
of research on private websites remains of questionablelegality.
In light of recent litigation, it is aso possible that companies
will restrict access to their websites and create private spaces
where research activities continue to be more limited. Tobacco
companies aready restrict access to their websites and even
require authentication of provided information. A researcher
may not be able to gain access to view the selected tobacco
website content without providing false information to register
(eg, falsely identify themselves as a smoker). Doing so would
serve as a breach of TOS because of the requirement that
registrants be tobacco users and provide only true information.
Violating TOS by conducting research activities that require
downloading, sharing, and so on, on a private website may also
still congtitute aviolation of the CFAA, which can trigger federa
criminal charges. Tobacco websiteswere the only websitesthat
are considered private in this sample, and these websites
prohibited or severely restricted all the activities necessary to
conduct a content analysis.

If researchers are convinced of the public health need to survell
private websites but are not ableto do so while adhering to TOS,
there are potentially incompatible legal and ethical issues to
weigh. The ethical issues raised by such surveillance research
are limited to the extent that surveillance activities do not seek
to analyzeinteraction between users but rather seek to document
the content of the website as it is designed by companies. In
other words, it isacommercial entity rather than an individual
who is being surveilled. From an ethical perspective, it is
arguable that corporate actions do not warrant the same
protection as human subjects, with the result that corporations
may not be able to claim the right to autonomy from research
participation. Thereis precedence for treatment of commercial
organizations differently from individualsin research; company
names are often used in academic publication, and there is no
existing standard stating that companies should not have
identifiable information disclosed.

The legal issues underlying research on websites vary in
magnitude depending on whether the website is public, where
anyone can create log-in credentials or access website content
without a log-in, or private, where websites require
authentication of provided information and apply constraints
regarding who is alowed to create log-in credentials. The legal
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issue of research on public websites appearsto be morelimited.
The biggest threat, violation of the CFAA, has been largely
removed, and civil charges at the state or federal level seem
unlikely when no damage is done to the websites of interest.
Research on public websites should be encouraged and expanded
to provide the public health community with a better
understanding of e-marketing tactics and opportunitiestoinform
marketing regulations that would better protect public health.
This is especially important in the present moment when
research requiring face-to-face interaction is limited by the
ongoing pandemic. The legal issue of research on private
websites presents a greater challenge. Even if a court was to
eventualy rulethat violating TOS on private websitesfor public
health research is not a violation of the CFAA, being sued and
facing the litigation that follows is time consuming and has the
potential to hurt the credibility and reputation of the researcher.
Such damage might reduce the likelihood of promotion or
achieving tenure if it is costly for the institution to defend the
researcher. Thisis particularly problematic for private tobacco
websites, as the tobacco industry has along history of targeted
and aggressive marketing of a product that is intrinsically
harmful to users. Although account requirements may ostensibly
be to responsibly keep out youth and nonsmokers, it also limits
the access of the researchers and makes their access potentially
illegal. Further, there is nothing stopping other compani es that
sell harmful products from putting up similar restrictions.

This study has also reveded the involvement of research
institutions and universities as key stakeholders in decisions
regarding research involving TOS violations. The expectations
for researchers need to be clearly defined and understood in the
various relevant offices of the university such that important
research can be undertaken in such away that the ingtitution is
comfortablewith and can (and will) stand behind the researchers
inthe case of industry action. Currently, these issues are beyond
the scope of what ingtitutional review boards perceive as their
purview, leaving researchers with few resources for guidance
on questions of both ethics and legal issues[89].

Wewould concludethat violating TOSto conduct public health
research on product websitesis not ethically questionable; rather,
given the public health significance of e-marketing, we may be
ethically bound to conduct such research, regardless of whether
it occurs on public or private websites. This conclusion has
similarly been reached by the Association for Computing
Machinery's Committee on Professional Ethics in their Code
of Ethicsand Professional Conduct, which states that TOS and
other internet regulations should be followed unless there is a
“compelling ethical justification to do otherwise” [90]. The
code goes on to state that those who violate TOS for ethical or
any other reasons “must accept responsibility for that action
and for its consequences’ [90]. How, then, should researchers
proceed with research on private product websitesin away that
minimizes or eliminates legal risks? An important question is
whether researchers are in any way precluded from TOS
restrictions. Beyond this general question, researchers could
contact companies and request permission to study their website.
Although this option might grant researchers access, it would
also put the company on notice that research isbeing conducted,
and there is no great incentive for companies to agree to
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surveillance. It is critical that the public health community
establish standards for such researchers to enable the
continuation of thisimportant work in waysthat the researchers
and ingtitutions involved are protected.

Limitations

This study explored a small and purposefully selected sample
of commercial product website TOS. It is possible that we
missed variability in TOS that might be present on other types
of websites. We also limited our sample to US companies, and
TOS for companies within the United States might be different
from the website TOS for companies in other countries, and
caution should be used when attempting to generalize these
results. The TOS observed during this study were downloaded
and analyzed in July 2018. As of July 2020, 7 websites have
updated their TOS. A brief review of updated TOS shows that
very little has changed in terms of alowable activities with
website materia. The only exception to thiswas Jim Beam. Jim
Beam added aclausethat “ You may print or download one copy
of areasonable number of pages of this Website for your own
personal, noncommercia use and not for further reproduction,
publication, or distribution” and some language allowing app
download. We also employed confirmatory coding, rather than
blind double-coding, which may have biased the second coder.
Given that we were unable to access the content for tobacco
websites, we were unable to conduct a content anaysis to
determineif our hypothesisthat websites with more problematic
content would be those with stricter TOS was correct.

In addition, none of the coders were lawyers, although lawyers
were consulted to ensure that terms were coded appropriately
and their significance was understood. As noted by otherswho
have studied TOS and other similar contracts, terms can
approach incomprehensibility, evenfor legal experts[85,86,91].
We discussed our findings and thelegal implications of violating
TOS for research with a lawyer and 2 law students at the
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Cyberlaw Clinic at the Harvard Law School, who validated that
the legal landscape is continuously changing and it is currently
unclear if creating false accounts on private websites (in the
context of gaining access to a tobacco website) would be
considered a violation of the CFAA. The US government has
never charged a researcher for violating TOS in the course of
their research, and the recent Sandvig decision certainly reduces
the risk of this for research on public websites; however, the
risk of violating the CFAA while researching private websites
such as tobacco websites remains unclear.

This study was limited to TOS contracts and did not include
the evaluation of privacy policies. A privacy policy isa*“lega
document that discloses some or al of thewaysaparty gathers,
uses, discloses and manages a customer's data’ [92]. As this
study did not assess privacy policies, it cannot state what kind
of surveillance researchers have to agree to when they are
attempting to surveil consumer product websites. This is an
important area of future exploration and would add to the
existing work on privacy policies by Bagley and Brown [52]
and Obar and Oeldorf-Hirsch [56].

Conclusions

E-marketing on brand websites is an important area for public
health surveillance to monitor; however, TOS complicate this
endeavor by restricting access and prohibiting activities needed
to conduct research. Recent court opinions have reduced the
risk of federal criminal charges for violating TOS on public
websites, but this risk remains unclear for private websites.
Researchers aready engaged in research on private websites
are putting themselves in danger of being sued, and their
affiliated institutions may or may not support them in court. It
iscritical that the public health community establishes standards
for conducting research on e-marketing that supports this
important public health issue.
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